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Preface

The Organising Committee extends a warm welcome to all speakers and delegates of the 2026 Irish Machine
Vision and Image Processing Conference (IMVIP 2026). This year it is hosted at the Maynooth University
under the organization of the department of Computer Science. The IMVIP Conference is Ireland’s primary
meeting for those researching in the fields of machine vision and image processing. The conference has been
running since 1997 and provides a forum for the exchange of ideas and the presentation of research conducted
in Ireland and worldwide. IMVIP is a single track conference consisting of high quality previously unpublished
contributed papers focusing on both theoretical research and practical experiences in all areas. After a rigorous
review process, 35 papers were selected for presentation at the conference. We wish to sincerely thank the
members of the Programme Committee for generously giving their time, effort and expertise in reviewing the
submissions, and the session chairs for their contributions to this event.
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speakers give keynote talks: Prof. Binh-Son Hua from Trinity College Dublin, with a talk entitled "Toward
a Synergy of Generative AI and Computer Graphics", and Prof. Ganesh Sistu from Valeo and University of
Limerick with a talk entitled "Evolution of Autonomy Stacks: From Rules to Physical AI".

IMVIP 2026 is run in association with the Irish Pattern Recognition and Classification Society (IPRCS), a
member of the International Association for Pattern Recognition (IAPR) and the International Federation of
Classification Societies (IFCS). We thank IPRCS for its support in organizing IMVIP 2026, its travel bursaries
and paper awards.

We warmly thank Prof. Neil Trappe, head of Department of Physics at Maynooth University, for organizing a
very instructive and entertaining visit to the National Science Museum at Maynooth for all conference attendees.
Finally, IMVIP 2026 would not have been possible without the incredible support and know-how of Mrs Phil
Dully in the Department of Computer Science at Maynooth University.

Prof. John McDonald
Prof. Rozenn Dahyot
Prof. Charles Markham
Prof. Gerry Lacey

Maynooth University, Kildare, Ireland
September 2026
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Keynote Speaker: Prof. Binh-Son Hua

Title: Toward a Synergy of Generative AI and Computer Graphics

Abstract: The field of computer graphics is changing fast in the era of generative AI. New generative mod-
eling techniques are transforming multiple stages of the graphics pipeline, from image and video synthesis to
3D content generation, stylization, and material editing. This keynote will present our recent work in genera-
tive graphics, focusing on 3D generation and appearance control. We will then examine the evolving role of
generative AI in computer graphics and explore the prospect of physically based generative rendering through
light transport simulation in autoencoder latent spaces.

Biography: Binh-Son Hua is an Assistant Profes-
sor of Computer Science at Trinity College Dublin.
His research interests are at the intersection of com-
puter graphics, computer vision, and machine learn-
ing with a focus on generative AI in the 3D space,
particularly on 3D content generation and render-
ing using generative AI techniques. He received
his PhD in Computer Science from National Uni-
versity of Singapore, and spent his postdoctoral re-
search at The University of Tokyo, Japan and Sin-
gapore University of Technology and Design. He
was recognized with the Best Paper Honorable Men-
tion award at International Conference on 3D Vi-
sion 2016, and as an Outstanding Reviewer at CVPR
2023. He has been actively serving as an area chair
for CVPR, NeurIPS, BMVC, WACV, an associate ed-
itor for TVCG, a technical program committee mem-
ber for SIGGRAPH Asia, and a senior program com-
mittee member for AAAI. His research is funded by Research Ireland under the Frontiers for the Future Pro-
gramme.
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Keynote Speaker: Prof. Ganesh Sistu

Title: Evolution of Autonomy Stacks: From Rules to Physical AI

Abstract: Autonomous driving has evolved from a collection of limited highway-assistance features, such
as Lane Keeping Assist and Adaptive Cruise Control, to increasingly capable systems supporting urban driv-
ing, automated parking and eyes-off driving. A key driver of this transformation has been the evolution from
traditional rule-based software built from millions of lines of explicitly engineered code to AI-driven archi-
tectures powered by billions of learned neural-network parameters. This shift is fundamentally changing how
autonomous systems perceive, reason, plan, and act in the physical world. In this talk, Ganesh will provide
a bird’s-eye view of this evolution, tracing the journey from modular autonomy architectures and end-to-end
systems to emerging Vision-Language-Action Models and Physical AI systems. The talk will explore how ad-
vances in perception, sensing, representation learning, and multimodal foundation models are coming together
to create increasingly general and efficient autonomy stacks.

Biography: Ganesh Sistu is leading multiple
global research teams focusing on automated driving
and parking at Valeo Ireland. With over 15 years of
experience in computer vision and machine learning,
he has contributed to 40+ publications in top-tier con-
ferences such as ICCV, ICRA, and WACV, garnering
over 2,000 citations and 30+ US and EU patent fil-
ings. He also plays a pivotal role in guiding the future
of AI education as an Adjunct Assistant Professor at
the University of Limerick and as an industry board
member for Research Ireland’s Data Science PhD and
the National MSc in AI programs at the University
of Limerick, blending academic insight with industry
expertise.
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Motion-Based Detection and Tracking of Trypanosoma cruzi
Parasites in Microscopy Videos

Senem Aktas1, Carlos Brito-Loeza2, Hugo Ruiz-Piña3, Lavdie Rada1

1 Faculty of Engineering and Natural Sciences, Bahcesehir University, Istanbul, Turkey
2Universidad Autónoma de Yucatán, Merida , Mexico,

3Centro de Investigaciones Regionales Dr. Hideyo Noguchi, Mérida, México.

Abstract

Chagas disease, caused by the parasite Trypanosoma cruzi, poses a substantial threat to global health,
particularly in Latin America. Traditional diagnostics involve the time-consuming and error-prone process
of manual analysis of stained blood samples under a microscope. In recent years, the diagnosis process has
been significantly enhanced by learning-based algorithms, which analyze digital images of stained blood
smears automatically. Nevertheless, computational algorithms can turn ineffective as a result of blood stain-
ing being defective by a variety of factors, such as smear preparation, staining, and interpretation. In this
collaborative work, we propose an approach for monitoring motile Trypanosoma cruzi parasites in our mi-
croscopy videos. The pipeline focuses on movement, contours, and background contrast as primary cues,
mainly relying on dense optical flow and a custom point-based tracking algorithm that is both scalable and
dependency-free. Code and sample outputs are available at 1.

Keywords: Chagas disease, Fast moving object, Point tracking, Dense optical flow

1 Introduction

Chagas disease, which is caused by the Trypanosoma cruzi (T. cruzi) parasite, is a global health problem with a
prevalence of millions in Latin America, particularly Mexico. It is transmitted by domestic pets, wild mammals,
and insects that feed on blood. Transmission can occur through infected blood transfusions, organ transplants,
pregnancy, and contaminated food or drink. Reliable risk assessment, early diagnosis, and optimal treatment
strategies are among the challenges that persist, despite the progress that has been made [Rassi and Marin-Neto,
2010, Nagajyothi et al., 2012, Rojo-Medina et al., 2018].

The first learning-based methods for detecting T. cruzi in images involve the use of conventional image
processing techniques, such as color segmentation, texture analysis, and morphological operations; these meth-
ods derive features from microscopic blood smear image samples. Subsequently, these features are processed
using machine learning algorithms, including AdaBoost, Support Vector Machines, and Artificial Neural Net-
works [Soberanis-Mukul et al., 2013, Uc-Cetina et al., 2015]. Deep learning, especially Convolutional Neural
Networks (CNNs), has transformed parasite identification in images. CNNs provide end-to-end classification
and segmentation solutions without manual feature extraction. Deep learning models can accurately discrim-
inate infected and uninfected blood smear images. These models work directly with raw images to learn
hierarchical features [Ojeda-Pat et al., 2022, Pereira et al., 2022, Martins et al., 2023, Rada et al., 2024].

Although identifying the Chagas parasite in videos has shown promising results by using optical flow
[Martins et al., 2021, Martins et al., 2024], tracking its movement presents a greater challenge due to its rapid
and erratic movement. Here, we enumerate some of the difficulties:

1https://github.com/senemaktas/Parasite-Chagas
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1. High velocities lead to significant blurring and, large displacement between consecutive frames compli-
cate the position prediction [Rozumnyi et al., 2021, Aktas et al., 2025].

2. The tiny size of the parasite offers limited distinguishability due to low resolution and poor contrast
against their background [Haalck et al., 2024].

3. These parasites shows irregularities and transformations in appearance can complicate detection [Chen
et al., 2020]

4. Curvilinear trajectories and irregular motions of the parasite can exacerbate the tracking challenges.

Popular tracking libraries, such as DeepSort [Wojke et al., 2017] and StrongSort [Du et al., 2023], perform
poorly because T. cruzi parasite is tiny and Fast-Moving Object (FMO). We present a method (see Section
3) specifically designed for the automated, label-free detection and tracking of T. cruzi parasites in standard
microscopy videos (Section 2). The method is designed as a low-cost, easily deployable pipeline that can be
integrated into existing microscopy workflows without requiring specialized hardware.

2 Dataset

The dataset collection study was conducted using experimentally infected albino ICR (Institute for Cancer
Research) strain mice, which were all in the acute phase of Chagas disease. ICR mice are widely used in
scientific research due to their genetic variability, docility, and good reproductive characteristics. Blood samples
were collected directly from the tail of each infected animal during the peak of parasitemia. Microscopy
was performed using a Motic BA300 microscope, with data acquisition performed at a magnification of 40x.
A Canon EOS Rebel T1i, Model 500D digital camera was used for video recording, which was manually
controlled by the user rather than through microscopy image analysis software. The camera was connected
to the microscope using a C-mount adapter that did not include any optics, and it operated at a resolution of
1280×720 pixels. Three mice were used per experimental replicate. Video recording was performed twice,
with a ∼30-day interval between sessions. 24 short videos were recorded at 20 FPS, totaling 32 minutes of
footage. Some sections of the recordings contain depictions of T. cruzi, and some others do not. Furthermore,
videos exhibit a wide range of approaches, varying illuminations, and different levels of motion when capturing
the parasites. Furthermore, experts extracted 70×70-pixel ROIs from the 24 videos, creating an image dataset
of 1,161 positive (parasite present) and 1,697 negative samples.

3 Methodology

An overview of the applied methodology is shown in Figure 1. The experimental methodology steps are
explained in the following subsections and have been evaluated on the dataset with the custom metrics.

Figure 1: Flowchart of the proposed methodology for monitoring the Trypanosoma cruzi parasite.
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Figure 2: Exploration of dense optical flow output: (A) color shows the direction and magnitude of movement
(B) grayscaling preserves motion integrity (C) binarization emphasize potential regions of parasites.

3.1 Pre-processing and Background Subtraction

Preliminary analysis revealed that chromatic information is non-discriminative for parasite localization. So
frames are converted to grayscale and convolved with the Laplacian kernel to enhance edges. To avoid per-video
parameter tuning under varying backgrounds, we apply background subtraction [Paul et al., 2017]: Algorithm
1 builds an adaptive background, and its absolute difference from each frame isolates moving objects.

Algorithm 1 Background Estimation via Difference-Weighted Averaging
1: sum ← 0 , count ← 0 ▷ running weighted sum of frames, number of accepted frames
2: for all frames frame of video whose index is divisible by frame stride do
3: if count = 0 then
4: sum ← frame ▷ seed with the first frame
5: else
6: background ← sum/count ▷ current mean background
7: diff ← (frame,background)/255
8: weight ← 1−diff ▷ low weight where the frame disagrees
9: sum ← sum+ frame∗weight

10: end if
11: count ← count +1
12: if count > maxFrames then break
13: end for
14: return (sum/count)

3.2 Dense Optical Flow

The living T. cruzi parasites shows rapid movement, distinguishing them from other entities and organisms.
Dense optical flow algorithm [Farnebäck, 2003] employed to identify areas of interest where the parasite may
reside. Output is visualized as a color-coded image, where each pixel is assigned a specific color that reflects
its magnitude and direction.

3.3 Region of Interest (ROI) extraction

To exclude irrelevant objects, morphological operations are applied to the optical flow outputs. Small regions
are removed via erosion with 8×8 kernel. Subsequently, broad regions suspected of parasites are enhanced and
refined through dilation with 12×12 kernel. Kernel sizes were chosen to avoid over-dilating minor features
while preserving candidate parasite regions. Then filtered output is binarized. Figure 2 illustrates the steps.

We applied two different methods for localizing parasites. Contour detection [Suzuki et al., 1985] approach
is a border-following technique intended to extract contours from binary images. FastSAM [Zhao et al., 2023]
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algorithm is a simplified variant of the Segment Anything Model that facilitates rapid segmentation of objects
in images. Among the two methods, our customized contour detection method tends to identify a wider range
of regions, particularly those that may not be optically evident while the FastSAM method seems to adopt a
more conservative approach.

3.4 Evaluation

Using image dataset described in Section 2; various CNNs including VGG16 [Simonyan and Zisserman, 2014],
InceptionV3 [Szegedy et al., 2016], and Xception [Chollet, 2017] were fine-tuned to confirm selected ROIs
whether they truly corresponds to a T. cruzi parasite. Our experiments revealed that, aside from VGG16, the
other models struggled to effectively classify the ROIs. The VGG16 model was trained for 15 epochs using
70×70 inputs, an SGD optimizer (η= 0.001), and binary cross-entropy loss with sigmoid activation.

3.5 Custom Point Tracking

To tackle the T. cruzi tracking challenge, the proposed technique is depicted in Figure 3.

(a) (b)

Figure 3: Custom Tracking Algorithm Flow. (a) covers the Steps 1 and 2. (b) covers the Steps 3 and 4.

• Step 1: In the initial frame, each extracted ROI centre is assigned a unique tracking ID. For each ID,
alongside object locations, "maximum shortest distance", "current frame number", "start frame number",
and "end frame number" values are recorded to facilitate tracking analysis.

• Step 2: In the subsequent frames, new objects’ points are compared with the recorded tracking points to
either align with existing IDs or assign new IDs if no correspondence is found. This step continues until
all frames in the video have been thoroughly evaluated.
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Figure 4: Parasite-dense areas (blue) are mapped by plotting the all ROIs midpoints (red) onto a single image.

1. If the distance between two objects points being compared is less than the "maximum shortest
distance" variable, the new object point is linked to the compared object’s tracking ID. The "current
frame number" is updated to the "end frame number", while the "start frame number" remains
unchanged which defines when ID tracking started.

2. If any recorded tracking ID is not assigned in the current frame, the maximum skipped frame number
is incremented by 1. If this value exceeds a predetermined threshold (e.g., 25), no new object will
be assigned to the tracking ID, regardless of the distance between points. This decision is based on
the assumption that the object is either no longer alive or out of view.

3. If the new objects do not align with any existing tracking ID, create their own distinct tracking IDs.

• Step 3: Next, tracking IDs with fewer detections than the threshold defined by "remove lines less than"
(e.g., 15) are removed, assuming parasites did not survive such brief periods. This eliminates erroneous
or incomplete trackings, ensuring the analysis focuses on reliable data.

• Step 4: During experiments, Figure 4 was produced by plotting each ROIs midpoints onto a single
image, where dense areas indicate high parasite prevalence. Trackings outside these dense boundaries
were excluded for robustness. This optional step, interchangeable with Step 3, ensures that even if a
tracking ID exceeds the threshold, will be removed if it is not located within dense area(s).

Figure 5 shows tracking results across sequential frames for a video at several-second intervals. Each
number represents a unique tracking ID marking the location of a parasite. By following the frame order (from
A to D), changes in the ID values can be observed. If the same parasite is tracked in the subsequent frame,
the same ID value will appear in that frame as well. For instance, the parasite marked with ID 103 appears in
frames A & B but is no longer found or tracked in frames C & D. 2

Tracking parameters were tuned qualitatively by selecting values that yielded the best performance across
various videos. T. cruzi parasites defined as FMOs, "maximum shortest distance" should not be set too low due
to large object displacements between consecutive frames. Too high a value may cause inaccuracies by linking
points that belong to different objects. Similarly, parasites must appear in at least a minimum number of frames
(e.g., 15) for effective tracking, controlled by the "remove lines less than" parameter. Setting this value too high
risks losing valid tracks, while too low a value has negligible effect.

4 Experimental Results

Table 1 shows the tracking results for the T. cruzi parasites across the 24 videos in our dataset. Label is
the identifier assigned to each video. The number of tracked parasites (NTP) refers to the distinct para-
sites identified in each video that the algorithm monitored. The mean of frames (MF) represents the average

2For a better understanding we share the code and some of the processed videos in Github repository.
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Figure 5: Sample Output of Custom Tracking with FastSam: locations marked with tracking IDs on the se-
quential images (in order of A-B-C-D) with a few second time intervals, indicate the presence of parasites.

number of frames in which algorithm tracked all detected parasites in the video. In 15 of the 24 videos ana-
lyzed, our method utilizing contour detection/tracing (CT) segmentation outperformed the other methods by
successfully tracking the highest number of parasites. The runner-up was our approach employing FastSAM
segmentation, significantly lagging behind the DeepSort and StrongSort methods. Conversely, both techniques,
especially StrongSort, significantly outscored our custom method regarding the mean of frames variable. These
findings indicate that our method can track a larger quantity of parasites, albeit over a limited number of frames,
whereas deep learning techniques are more selective, tracking fewer parasites but for extended time frames.

Our Method DeepSort StrongSort
CT FastSAM CT FastSAM CT FastSAM

Label NTP MF NTP MF NTP MF NTP MF NTP MF NTP MF
20 22 42.04 21 47.52 3 145.33 4 119.75 3 155.67 2 179.5
33 135 80.86 170 70.91 40 89.82 49 66.65 23 182.26 21 208.42
36 235 80.23 270 80.11 74 94.67 70 93.01 62 133.98 58 137.67
38 85 60.55 88 68.00 61 41.54 55 44.58 21 175.52 15 201.73
42 134 66.28 163 59.91 39 80.66 42 80.59 26 178.42 24 178.50
44 60 57.20 72 67.82 50 43.20 45 45.68 18 164.28 19 149.73
45 92 65.08 89 69.32 55 33.21 44 39.63 14 176.54 12 196.58
46 63 55.59 53 72.49 13 113.23 12 92.91 10 215.20 10 212.80
47 102 63.53 97 65.93 43 38.23 40 41.50 15 152.80 8 175.75
48 65 50.17 73 42.86 12 74.83 13 67.61 10 175.00 8 180.12
49 96 55.35 103 50.25 18 88.17 19 77.84 11 188.91 13 117.46
50 329 78.51 208 60.65 92 35.67 44 62.20 26 247.26 20 253.40
57 447 103.82 526 83.04 197 58.98 215 62.95 48 180.27 29 230.55
58 304 89.59 234 78.73 59 72.81 43 88.11 36 171.67 25 140.56
59 307 64.41 253 46.51 40 44.82 31 48.42 13 135.15 11 89.36
60 151 63.91 138 53.71 35 43.88 27 46.67 12 203.75 9 213.22
61 456 49.74 175 28.26 37 69.78 10 85.70 11 96.36 5 137.60
62 966 62.73 470 31.12 113 64.75 52 54.48 95 190.80 88 158.04
67 447 22.32 335 20.18 31 76.54 32 77.37 26 153.73 31 146.84
68 375 73.00 343 49.98 40 77.00 44 55.86 43 91.60 30 95.60
69 389 64.59 311 48.99 53 61.22 43 52.14 40 98.12 37 77.38
70 253 46.90 215 30.56 29 49.07 22 49.73 11 228.00 7 225.28
71 195 25.60 140 25.98 12 88.66 12 85.16 11 191.72 8 174.00
72 140 64.96 172 68.78 96 53.54 101 49.06 44 179.47 42 165.78

Table 1: Results for all tested methods. MF values can be converted to seconds using 20 FPS. Bold numbers
indicate the highest values for the NTP and italic numbers indicate the highest values for the MF variable.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 14 ISBN 978-1-9195641-0-4



5 Conclusion

We propose an approach that enables monitoring motile T. cruzi parasites in microscopy videos. Current
pipeline focuses on movement, contours, and background contrast as primary cues. We encountered challenges
in accurately counting the parasites using popular tracking libraries due to their fast movement, small size, and
unpredictable behavior. While our approach showed promise, our current model was trained and validated on
our specific dataset. Performance could be sensitive to imaging artefacts (e.g., variations in illumination, cam-
era noise) and may not generalize directly to other parasite strains, or microscopy setups. Potential integration
with molecular and immunological tools, could create a more robust, multi-modal diagnostic pipeline. The
motion-based assay could serve as a rapid, low-cost, and stain-free initial screening tool. Samples flagged as
positive could be confirmed with a specific molecular test (e.g., qPCR).

Acknowledgments

This work is supported in part by the Academy of Medical Sciences Award (NGR1\1718). The Institutional An-
imal Care and Use Committee of the University (IACUC-03-2021) gave their approval to all of the approaches
that were utilized for the treatment of animals and the collection of samples. Video footage was captured at the
Dr. Hideyo Noguchi Regional Research Center, which is affiliated with the Autonomous University of Yucatan.

References

[Aktas et al., 2025] Aktas, S., Markham, C., McDonald, J., and Dahyot, R. (2025). Benchmarking sam2-based
trackers on fmox. In 33rd International Conference on Artificial Intelligence and Cognitive Science (AICS
2025), pages 1–12, Dublin, Ireland.

[Chen et al., 2020] Chen, Z., Zhong, B., Li, G., Zhang, S., and Ji, R. (2020). Siamese box adaptive network for
visual tracking. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,
pages 6668–6677.

[Chollet, 2017] Chollet, F. (2017). Xception: Deep learning with depthwise separable convolutions. In Pro-
ceedings of the IEEE conference on computer vision and pattern recognition, pages 1251–1258.

[Du et al., 2023] Du, Y., Zhao, Z., Song, Y., Zhao, Y., Su, F., Gong, T., and Meng, H. (2023). Strongsort: Make
deepsort great again. IEEE Transactions on Multimedia, 25:8725–8737.

[Farnebäck, 2003] Farnebäck, G. (2003). Two-frame motion estimation based on polynomial expansion. In
Scandinavian conference on Image analysis, pages 363–370. Springer.

[Haalck et al., 2024] Haalck, L., Thiele, S., and Risse, B. (2024). Tracking tiny insects in cluttered natural
environments using refinable recurrent neural networks. In Proceedings of the IEEE/CVF Winter Conference
on Applications of Computer Vision, pages 7126–7135.

[Martins et al., 2023] Martins, G. L., Ferreira, D. S., Carneiro, C. M., and Bianchi, A. G. (2023). Trypanosoma
cruzi detection using lstm convolutional autoencoder. In Simpósio Brasileiro de Computação Aplicada à
Saúde (SBCAS), pages 443–454. SBC.

[Martins et al., 2024] Martins, G. L., Ferreira, D. S., Carneiro, C. M., Nogueira-Paiva, N. C., and Bianchi,
A. G. (2024). Trajectory-driven computational analysis for element characterization in trypanosoma cruzi
video microscopy. Plos one, 19(6):e0304716.

[Martins et al., 2021] Martins, G. L., Ferreira, D. S., and Ramalho, G. L. (2021). Collateral motion saliency-
based model for trypanosoma cruzi detection in dye-free blood microscopy. Computers in Biology and
Medicine, 132:104220.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 15 ISBN 978-1-9195641-0-4



[Nagajyothi et al., 2012] Nagajyothi, F., Machado, F. S., Burleigh, B. A., Jelicks, L. A., Scherer, P. E., Mukher-
jee, S., Lisanti, M. P., Weiss, L. M., Garg, N. J., and Tanowitz, H. B. (2012). Mechanisms of trypanosoma
cruzi persistence in chagas disease. Cellular microbiology, 14(5):634–643.

[Ojeda-Pat et al., 2022] Ojeda-Pat, A., Martin-Gonzalez, A., Brito-Loeza, C., Ruiz-Pina, H., and Ruz-Suarez,
D. (2022). Effective residual convolutional neural network for chagas disease parasite segmentation. Medical
& Biological Engineering & Computing, 60(4):1099–1110.

[Paul et al., 2017] Paul, N., Singh, A., Midya, A., Roy, P. P., and Dogra, D. P. (2017). Moving object detec-
tion using modified temporal differencing and local fuzzy thresholding. The Journal of Supercomputing,
73(3):1120–1139.

[Pereira et al., 2022] Pereira, A. S., Mazza, L. O., Pinto, P. C., Gomes, J. G. R., Nedjah, N., Vanzan, D. F.,
Pyrrho, A. S., and Soares, J. G. (2022). Deep convolutional neural network applied to trypanosoma cruzi
detection in blood samples. International Journal of Bio-Inspired Computation, 19(1):1–17.

[Rada et al., 2024] Rada, L., Kumar, P., Martin-Gonzalez, A., and Brito-Loeza, C. (2024). Chagas parasite
classification in blood sample images using different machine learning architectures. Medical & Biological
Engineering & Computing, 62(1):195–206.

[Rassi and Marin-Neto, 2010] Rassi, A. and Marin-Neto, J. A. (2010). Chagas disease. The Lancet,
375(9723):1388–1402.

[Rojo-Medina et al., 2018] Rojo-Medina, J., Ruiz-Matus, C., Salazar-Schettino, P. M., and González-Roldán,
J. F. (2018). Enfermedad de chagas en méxico. Gaceta médica de México, 154(5):605–612.

[Rozumnyi et al., 2021] Rozumnyi, D., Matas, J., Šroubek, F., Pollefeys, M., and Oswald, M. R. (2021). Fmod-
etect: Robust detection of fast moving objects. In Proceedings of the IEEE/CVF International Conference
on Computer Vision, pages 3541–3549.

[Simonyan and Zisserman, 2014] Simonyan, K. and Zisserman, A. (2014). Very deep convolutional networks
for large-scale image recognition. arXiv preprint arXiv:1409.1556.

[Soberanis-Mukul et al., 2013] Soberanis-Mukul, R., Uc-Cetina, V., Brito-Loeza, C., and Ruiz-Piña, H.
(2013). An automatic algorithm for the detection of trypanosoma cruzi parasites in blood sample images.
Computer methods and programs in biomedicine, 112(3):633–639.

[Suzuki et al., 1985] Suzuki, S. et al. (1985). Topological structural analysis of digitized binary images by
border following. Computer vision, graphics, and image processing, 30(1):32–46.

[Szegedy et al., 2016] Szegedy, C., Vanhoucke, V., Ioffe, S., Shlens, J., and Wojna, Z. (2016). Rethinking the
inception architecture for computer vision. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 2818–2826.

[Uc-Cetina et al., 2015] Uc-Cetina, V., Brito-Loeza, C., and Ruiz-Piña, H. (2015). Chagas parasite detection
in blood images using adaboost. Computational and Mathematical Methods in Medicine, 2015(1):139681.

[Wojke et al., 2017] Wojke, N., Bewley, A., and Paulus, D. (2017). Simple online and realtime tracking with
a deep association metric. In 2017 IEEE international conference on image processing (ICIP), pages 3645–
3649. IEEE.

[Zhao et al., 2023] Zhao, X., Ding, W., An, Y., Du, Y., Yu, T., Li, M., Tang, M., and Wang, J. (2023). Fast
segment anything. arXiv preprint arXiv:2306.12156.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 16 ISBN 978-1-9195641-0-4



Robust Breast Ultrasound Classification Through Dataset Auditing,
Preprocessing Standardization, and Ensemble Fusion

Sana Siddique*1 and Lavdie Rada†1

1Bahcesehir University, Istanbul, Türkiye , lavdie.rada@bau.edu.tr

Abstract

Deep learning models for breast ultrasound classification frequently report competitive benchmark
performance on individually collected private or public datasets, yet this paper demonstrates that such
results remain limited by dataset artifacts, inconsistent preprocessing, and weak external generalization.
This study investigates breast ultrasound malignancy classification using an artifact-aware pipeline that
combines dataset auditing, controlled preprocessing, backbone comparison, and ensemble fusion. Eight
public breast ultrasound datasets were audited for duplicate or near-duplicate images, color Doppler
overlays, and measurement markers. The audit revealed substantial non-anatomical content across
datasets, including extensive duplicates in BUSDB2023, universal Doppler overlays in BUS-UCLM, and
universal measurement markers in BRA, indicating a high risk of shortcut learning and biased evaluation.
Three convolutional backbones, VGG-16, ResNet-50, and EfficientNetV2S, were evaluated under raw,
median-filtered, CLAHE-enhanced, and full artifact-reduction preprocessing conditions using a unified
training and threshold-selection protocol. Results showed that preprocessing strongly affected sensitivity,
specificity, and AUC, often as much as architecture selection. Models that achieved high single-dataset
performance showed reduced AUC under multi-dataset evaluation, highlighting limited generalizability.
Ensemble experiments demonstrated that ResNet-50 and EfficientNetV2S provide complementary deci-
sion behavior: weighted fusion achieved the highest specificity, while attention-based fusion achieved the
highest sensitivity and F1-score. These findings suggest that deployable breast ultrasound AI should be
developed as a complete clinical pipeline rather than as an isolated model-selection task. Dataset curation,
artifact removal, transparent preprocessing, calibration, and clinically aligned threshold selection are
essential for reliable evaluation and future multi-center deployment.

Keywords: breast ultrasound; breast cancer classification; dataset auditing; image artifacts; preprocessing;
ensemble learning; sensitivity; specificity.

1 Introduction

Breast cancer remains one of the most common malignancies among women worldwide, and early de-
tection is essential for improving clinical outcomes [World Health Organization, 2023]. Ultrasound is an
important modality in breast assessment because it is non-invasive, real-time, comparatively inexpensive,
and useful for evaluating dense breast tissue [Al-Dhabyani et al., 2020]. These advantages have motivated
extensive research on computer-aided breast lesion analysis using convolutional neural networks (CNNs),
including VGG-style models, residual networks, and compound-scaled architectures [Simonyan and Zisser-
man, 2015, He et al., 2016, Lee and Choi, 2025]. However, a critical gap exists between reported benchmark
performance and practical clinical deployability. Many studies report high accuracy or area under the
receiver-operating-characteristic curve (AUC) on public datasets, but these results are often obtained un-
der favorable experimental conditions, such as single-dataset evaluation, limited external validation, and
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inconsistent preprocessing [Zhang et al., 2020a, Thomas et al., 2023]. In clinical practice, ultrasound images
vary across scanners, operators, hospitals, annotation conventions, and storage pipelines. A model that
performs well on a curated benchmark may therefore fail when exposed to images acquired under different
conditions. Two methodological issues motivate this study. First, public breast ultrasound datasets can
contain non-anatomical visual information, including measurement calipers, color Doppler overlays, text
labels, annotation marks, and duplicate or near-duplicate images. If these cues are correlated with dataset
source or diagnostic label, a classifier may learn shortcut features that inflate retrospective performance
without improving lesion characterization. Second, architecture comparisons are frequently confounded by
uncontrolled preprocessing and dataset composition. Differences attributed to model design may instead
reflect artifact prevalence, class imbalance, contrast normalization, image resolution, or annotation prac-
tice. The clinical consequence is most evident in the sensitivity–specificity trade-off. A classifier with high
specificity but poor sensitivity may appear acceptable according to aggregate metrics, yet it would be unsafe
for screening if it misses many malignant lesions. Conversely, very high sensitivity with poor specificity can
overload radiologists with false positives and unnecessary follow-up. Therefore, reliable evaluation requires
reporting threshold-dependent clinical metrics under clearly specified preprocessing conditions, not only
headline AUC. This paper investigates breast ultrasound classification through a pipeline that combines
dataset auditing, artifact-aware preprocessing, controlled backbone evaluation, and ensemble fusion. The
principal contributions are as follows:

1. Dataset audit. Eight public breast ultrasound datasets are quantitatively inspected for duplicate or
near-duplicate images, color Doppler overlays, markers with color indicating cancer, and measurement
markers that may bias training and evaluation.

2. Preprocessing analysis. Raw, median-filtered, CLAHE-enhanced, and full artifact-reduction pipelines
are compared under a common training and threshold-selection protocol.

3. Single-Dataset vs. Multi-Dataset Comparison. We show that models achieving 88-95% AUC on
single datasets drop to 70-83% AUC when tested on multi-dataset combinations, revealing substantial
overfitting and dataset-specific bias.

4. Complementary ensemble learning. Averaging, weighted, stacked, and attention-based fusion strate-
gies are evaluated to combine the high-sensitivity behavior of ResNet-50 with the stronger specificity
of EfficientNetV2S.

The remainder of the paper is organized as follows. Section 2 reviews related work. Section 3 describes the
datasets, preprocessing pipeline, model architectures, training protocol, and ensemble methods. Section 4
presents quantitative results. Section 5 discusses clinical implications and limitations and concludes the
study.

2 Related Work

In this study, we considered publicly available open-source datasets suitable for further research. The
literature includes eight datasets containing breast ultrasound images: BrEaST/TCIA [Pawłowska et al., 2024],
BUSI2020 [Al-Dhabyani et al., 2020], BUSDB2023 [Abbasian Ardakani et al., 2023], UDIAT2021 [Yap et al.,
2018], OASBUD2017 [Piotrzkowska-Wróblewska et al., 2017], BUS-UCLM [Vallez et al., 2025], Y.Guo [Guo
et al., 2021], and BRA [Gómez-Flores et al., 2019]. These datasets were collected from different hospitals
using different imaging tools. One of the main issues with such datasets is that some images have been
marked by clinicians with red color overlays (e.g., color Doppler overlays) or cross-lines used to measure the
extent of a lesion. We refer to such images as potentially marked images, and images without such markers or
annotations as unmarked images. One baseline framework in the literature, presented by Zhang et al. [Zhang
et al., 2020b], evaluated several models on a private breast ultrasound dataset, where InceptionV3 achieved
the highest AUC of 0.905, outperforming VGG16, ResNet50, and VGG19, which obtained AUC values of
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0.866, 0.851, and 0.847, respectively. Notably, their reported performance relied on images containing intact
medical annotations and unstandardized contrast levels, which masks the true generalizability of the models,
as such images would be classified as ‘potentially marked’ rather than ‘unmarked’ under our definition. A
recent study by Koshy et al. [Koshy et al., 2026] investigates and compares EfficientNetB7, DenseNet121,
ConvNeXtTiny, XGBoost Ensemble, and Soft Voting Ensemble. In our replication of this methodology, we
substitute EfficientNet-V2-S for the original EfficientNet-B7 backbone, to keep this baseline comparison
consistent with the EfficientNet variant used throughout the remainder of this paper’s own architecture
and ensemble experiments. Across all three datasets, the Soft Voting Ensemble achieved the best overall
performance, suggesting that ensemble-based approaches, particularly soft voting, can improve classification
performance compared with individual architectures. For example, on the BUSI dataset, it obtained an
accuracy of 88.46%, precision of 88.49%, recall of 88.46%, F1-score of 88.45%, and AUC of 95.38%. Similarly,
for the BUS-UCLM and UDIAT datasets, the Soft Voting Ensemble achieved accuracy, precision, recall, F1-
score, and AUC values of at least 90%. These results were obtained on ‘potentially marked’ datasets, without
removing markers or crosses indicating cancer regions. To assess how much results differ when applying the
methodology of Koshy et al. [Koshy et al., 2026] to the eight datasets collected for this study, we evaluated the
architectures under the ‘potentially marked’ scenario rather than the fully ‘marked’ one, with results shown
in Tables 1 and 2, respectively. We observed that performance drops significantly when evaluated on datasets
lacking medical annotation attributes, indicating a high risk of model bias and data leakage, as networks may
learn to classify based on artifacts rather than actual pathology. Datasets with available patient identifiers
were split into training and test sets at the patient level to avoid leakage; datasets lacking this metadata
were assigned entirely to the test set (stratified by cancer/non-cancer class), and all eight datasets were then
combined into a single pooled cohort. Table 1 reports all five architectures evaluated under the original,

Table 1: Performance of the five baseline classification models, implemented following the methodology of Koshy et
al. [Koshy et al., 2026], on the original datasets before artifact removal.

Model Accuracy F1-Score Sensitivity Specificity AUC
Soft_Voting_Ensemble 0.8924 0.8522 0.8305 0.9293 0.9680
ConvNeXt_Tiny 0.9051 0.8718 0.8644 0.9293 0.9632
DenseNet121 0.8671 0.8073 0.7458 0.9394 0.9539
EfficientNetV2S 0.8734 0.8276 0.8136 0.9091 0.9462
XGBoost_Ensemble 0.5696 0.1282 0.0847 0.8586 0.4181

pre-artifact-removal setting. After applying the artifact-removal and preprocessing pipeline described in
Section 3, EfficientNetV2S and the Soft Voting Ensemble retained the strongest performance, while the
remaining three architectures showed substantially greater degradation. These two models were therefore
carried forward to the subsequent ensemble experiments (Table 2); the XGBoost Ensemble was additionally
unstable even before artifact removal (AUC 0.4181), indicating it failed to learn a usable decision boundary
on this data. After artifact removal, both models show a marked drop in performance across all metrics

Table 2: Performance of the two best-performing models after artifact removal and preprocessing.

Model Accuracy F1-Score Sensitivity Specificity AUC
EfficientNetV2S 0.7421 0.6734 0.6837 0.7792 0.7662
SoftVoting_Ensemble 0.7262 0.6230 0.5816 0.8182 0.7435

relative to Table 1, indicating that the original scores were inflated by non-anatomical artifacts rather than
true lesion signal.
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3 Materials and Methods

3.1 Dataset Audit

The eight aforementioned public breast ultrasound datasets were audited to verify dataset composition and
quantify visible sources of potential bias. For each dataset, images were re-examined to estimate the total
number of images, the proportion of cancer cases, duplicate or near-duplicate image groups, color Doppler
overlays, and measurement markers. The audit was designed as a quality-control step before model training,
with the goal of identifying possible leakage and shortcut-learning signals.

Duplicate detection. Perceptual hashing was used as an initial screen for near-duplicate content. Each
image was resized to 8×8 pixels, converted to grayscale, and represented by a binary hash

h(i ) =
{

1, I (i ) >µ,

0, otherwise,
(1)

where I (i ) is the intensity of pixel i in the resized image and µ is the mean intensity. Candidate pairs with
Hamming distance below 5 were then validated using the structural similarity index measure (SSIM). Pairs
with SSIM greater than 0.95 were treated as duplicate or near-duplicate images.

Artifact detection. Color overlays, including Color Doppler visualizations and colored annotations (e.g., red,
blue, or yellow boxes and markers), were detected by analyzing differences between the RGB color channels.
Since grayscale ultrasound images exhibit similar intensities across all three channels, images with large
channel differences were flagged as containing color overlays.

3.2 Preprocessing Pipeline

The preprocessing pipeline was designed to reduce non-anatomical information while preserving lesion
morphology. Colored overlays and markers were first segmented in HSV color space. Red regions were
defined by H ∈ [0,10]∪[160,180] with saturation and value greater than 100, and blue regions were defined by
H ∈ [100,130]. The resulting binary masks were refined with a 5×5 morphological kernel and inpainted using
Telea’s fast marching method [Telea, 2004]. Median filtering with a 5×5 kernel was then applied to reduce
isolated residual artifacts while preserving boundaries. Finally, CLAHE was applied to the luminance channel
in LAB color space with clip limit 2.0 and tile grid size 8×8. Four preprocessing conditions were evaluated:
raw images, median-filtered images, CLAHE-enhanced images, and the full artifact-reduction pipeline.
This design allowed the effect of each preprocessing regime to be compared under a common model and
evaluation protocol. These values follow common defaults in the ultrasound and general image-restoration
literature (e.g., typical CLAHE clip-limit ranges and Telea’s original parameterization) and were checked
on a held-out validation subset to confirm they did not distort lesion boundaries before being fixed for all
experiments.

3.3 Classification Architectures

Three CNN backbones were evaluated: VGG-16, ResNet-50, and EfficientNetV2S. The backbones were
paired with a common attention-augmented classification head to reduce differences introduced by the
final classifier. Attention was implemented using a convolutional block attention module (CBAM) [Woo
et al., 2018], which combines channel and spatial attention. For a feature tensor F , channel attention was
computed using global average pooling followed by a two-layer multilayer perceptron:

s =σ (W2 ReLU(W1 GAP(F ))) , F̃ = s ⊙F, (2)
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where σ denotes the sigmoid function and ⊙ denotes element-wise multiplication. Spatial attention was
then computed using a 7×7 convolution over concatenated average-pooled and max-pooled feature maps.
The resulting representation was passed through batch-normalized fully connected layers of sizes 512 and
256 with dropout probability p = 0.3, followed by a sigmoid output neuron.

3.4 Training and Evaluation Protocol

All models were trained using the Adam optimizer with transfer learning from ImageNet-pretrained weights.
The backbone was initially frozen while the classification head was trained with learning rate 10−4; subse-
quent fine-tuning used learning rate 10−5. Training augmentation included horizontal flipping, rotations
up to ±40◦, and color jitter. Class imbalance was addressed using oversampling within the training set
only. Because missing malignant cases is clinically more costly than false-positive referral, training used a
sensitivity-oriented loss combining focal loss [Lin et al., 2017] with a false-negative penalty:

L =−αt (1−pt )γ log(pt )+λFNE
[

y(1− p̂)
]

, (3)

where pt is the probability assigned to the true class, p̂ is the predicted malignancy probability, y ∈ {0,1} is
the ground-truth label, αt = 0.25, γ= 2.0, and λFN = 6.0. Decision thresholds were selected using Youden’s
index on the ROC curve. Performance was reported using AUC, sensitivity, specificity, and F1-score.

3.5 Ensemble Methods

ResNet-50 and EfficientNetV2S were selected for ensemble analysis because their individual results showed
complementary behavior: ResNet-50 tended to improve malignant-case detection, whereas EfficientNetV2S
tended to preserve specificity. Four fusion strategies were evaluated.

Averaging. The predicted malignancy probability was computed as

p̂avg =
p̂R + p̂E

2
, (4)

where p̂R and p̂E denote the ResNet-50 and EfficientNetV2S predictions.

Weighted fusion. Learned softmax-normalized weights were used to combine probabilities:

p̂w = wRp̂R +wEp̂E, wR +wE = 1. (5)

Stacked fusion. A two-layer meta-classifier with architecture 2 → 64 → 32 → 1 was trained on frozen
base-model predictions.

Attention fusion. Feature-level fusion was implemented using multi-head attention with eight heads.
ResNet-50 and EfficientNetV2S feature vectors were projected into a common embedding space, and cross-
attention was used to learn task-dependent interactions before classification. This design allows the fused
model to weight complementary representations differently across images rather than using a fixed probabil-
ity average. More details are shown in Figure 1.

4 Results

4.1 Dataset Audit

Table 5, added at the end of this paper, summarizes the dataset audit. The results show that non-anatomical
content is common across public breast ultrasound datasets. BUSDB2023 contained the largest number of
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duplicate or near-duplicate groups and color Doppler overlays. BUS-UCLM contained color Doppler overlays
in all audited images, and BRA contained measurement markers in all audited images. These findings
indicate that image artifacts should be treated as a central part of the experimental design rather than as
incidental noise. The audit has two implications for model evaluation. First, duplicate and near-duplicate
images can create leakage if visually similar samples are split across training and testing. Second, overlays and
markers may act as label-correlated shortcuts. Even if such cues are clinically meaningful in some contexts,
their inconsistent presence across datasets makes them unreliable for a B-mode lesion-classification model
intended for deployment across institutions.

Figure 1: Architecture of the proposed dual-branch ensemble pipeline for breast ultrasound classification. The dual-
branch design, backbone selection, CBAM attention integration, and all four fusion strategies were conceived and
specified entirely by the authors; a generative AI diagramming tool was used only to assist with rendering and visually
refining the final figure layout. Raw ultrasound images are first processed using the three-stage preprocessing pipeline
described in Section 3: HSV-based segmentation and inpainting to remove colored markers and Doppler overlays,
5×5 median filtering to suppress residual noise, and CLAHE-based contrast enhancement to improve consistency in
tissue appearance across the pooled source datasets. Each preprocessed image is then passed through two parallel
convolutional backbones, ResNet-50 and EfficientNet-V2-S. Both branches incorporate a CBAM module for combined
channel and spatial attention, followed by global average pooling and a dense classification head. The outputs of the
two branches are subsequently combined using one of four fusion strategies evaluated in this study: simple averaging,
learned weighted averaging, a trained stacking meta-classifier, or cross-attention feature fusion. The resulting fused
output produces the final benign/malignant classification. Fusion performance is evaluated using AUC, sensitivity,
specificity, and F1-score, as reported in Table 4.

4.2 Ensemble Results

Table 4 compares the ensemble strategies. All ensemble methods improved at least one clinically relevant
metric relative to the individual base models, supporting the hypothesis that ResNet-50 and EfficientNetV2S
provide complementary information.

4.2.1 Inference Latency

To assess clinical deployment feasibility, inference latency was benchmarked for each backbone and fusion
strategy on a CUDA GPU, using a warm-up period followed by 100 timed forward passes per model (batch size
1, 224×224 input). Results are reported in Table 3. As expected, ResNet50 alone is fastest, and attention fusion
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Table 3: Inference latency per model/ensemble strategy (CUDA, batch size 1).

Model Mean (ms/image) Median (ms/image) Throughput (img/s)

ResNet50 6.58 6.49 151.9
EfficientNetV2S 17.99 17.61 55.6
Averaging Ensemble 24.97 24.37 40.0
Weighted Ensemble 23.98 23.88 41.7
Stacked Ensemble 24.50 24.50 40.8
Attention Fusion 24.83 24.64 40.3

is among the more computationally expensive strategies due to the added cross-attention computation,
though all ensemble variants remain within a similar range (24–25 ms/image) since backbone inference
dominates total latency. These figures reflect GPU (CUDA) latency; CPU-only deployment timing was not
evaluated in this study and is left for future work.

Table 4: Ensemble comparison using ResNet-50 and EfficientNetV2S. Attention fusion achieved the highest sensitivity
and F1-score; weighted fusion achieved the highest specificity.

Model AUC Sensitivity Specificity F1

ResNet-50 0.777 0.735 0.682 0.692
EfficientNetV2S 0.810 0.755 0.695 0.708
Averaging ensemble 0.811 0.776 0.714 0.712
Weighted ensemble 0.822 0.745 0.799 0.726
Stacked ensemble 0.813 0.806 0.701 0.722
Attention fusion 0.823 0.888 0.662 0.733

Simple averaging improved sensitivity, specificity, and F1-score relative to both base models, indicat-
ing partially independent error patterns. Weighted fusion achieved the strongest specificity, 0.799, while
preserving AUC 0.822. This operating point is better suited to confirmation settings in which false positives
should be reduced. Stacked fusion increased sensitivity to 0.806, but it did not match the AUC or specificity
of weighted fusion. Attention fusion produced the most screening-oriented behavior, with sensitivity 0.888
and F1-score 0.733. This sensitivity represents a substantial improvement over the individual ResNet-50 and
EfficientNetV2S models. The trade-off is lower specificity than weighted fusion, which may be acceptable
when the system is used as a second reader or triage aid rather than as an autonomous diagnostic device. This
ablation reflects preprocessing sensitivity at inference time only, using backbones trained on the full pipeline
rather than retrained per condition. We attempted a fully independent ablation, retraining each backbone
from scratch under all four preprocessing conditions, but this coincided with corrections to the dataset
composition and an upgrade of the Python/deep-learning library environment. The resulting AUC values
were inflated and inconsistent across conditions, itself illustrating this paper’s central argument: reported
AUC is sensitive to the full experimental pipeline, including dataset version and software environment, not
only to architecture and preprocessing choice. Since these runs were not obtained under a fixed, reproducible
pipeline, we omit their numeric values to avoid overstating the ablation’s conclusions. A corrected ablation,
run under a single fixed dataset version and environment, is planned as immediate follow-up work.

5 Discussion and Conclusion

This study demonstrates that robust breast ultrasound classification requires a holistic pipeline approach
rather than isolated model selection, as systematic dataset audits revealed that public cohorts contain
significant non-anatomical artifacts (e.g., duplicates, calipers, and Doppler overlays). Our experiments
show that artifact-suppressing preprocessing shifts clinical operating characteristics as strongly as backbone
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Table 5: Combined Ultrasound Public Dataset audit results. Counts summarize visible duplicate or near-duplicate
groups, color Doppler overlays, and measurement markers identified during quality control.

Metric BrEaST/TCIA BUSI BUSDB UDIAT OASBUD BUS-UCLM Y.Guo BRA

Total images 252 780 232 163 100 264 192 1875
Cancer (%) 38.9 32.5 53.0 33.1 52.0 34.1 12.0 32.4
Duplicates 0 98 1 4 0 21 5 0
Doppler overlays 0 6 0 0 0 36 2 0
Measurement markers 0 749 361 0 101 11 5 1875

selection, revealing whether networks rely on true lesion morphology or shortcut signals. Furthermore,
leveraging the complementary inductive biases of ResNet-50 (which enhances malignancy detection) and
EfficientNetV2S (which preserves specificity) through learned fusion yields clinically tailorable workflows;
specifically, cross-attention fusion maximizes sensitivity whereas weighted fusion optimizes specificity. While
these findings underscore the value of pipeline-wide optimization, several limitations remain. This work
relies on retrospective public datasets, employs heuristic parameters for preprocessing (such as CLAHE
limits) and artifact detection, and introduces additional computational overhead via attention-based fusion.
Our attempted preprocessing ablation (Section 4) further underscored this fragility in practice, as dataset
and software-environment changes alone produced unstable AUC shifts comparable in magnitude to those
attributed to preprocessing itself. Additionally, despite incorporating CBAM and attention mechanisms, the
interpretability of these ensemble decisions requires further refinement prior to clinical adoption. Future
work will validate this framework on prospective multicenter cohorts with consistent acquisition metadata,
develop adaptive quality-control models, incorporate calibrationaware thresholding, extend the system from
binary to multi-class, BIRADSoriented decision support, and conduct a fully independent per-condition
preprocessing ablation that retrains each backbone separately to isolate its contribution to performance.
We are also collecting a new breast ultrasound dataset with a clinical partner hospital – prospectively
acquired, singleinstitution, with consistent imaging protocols and verified groundtruth labels – to validate
this framework beyond the retrospective public datasets used here.
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Abstract

Automated bird-audio classifiers can support passive acoustic monitoring, but many strong systems rely
on cloud inference, global taxonomies, or watt-class edge hardware that is difficult to deploy at scale. This
paper presents MicroBird, a region-specific 51-class bird-audio classifier deployed on the MAX78002 mi-
crocontroller CNN accelerator for Irish species monitoring. The dataset pipeline derives a regional species
list from public occurrence sources, gathers focal recordings from Xeno-Canto, extracts 3-second clips,
applies RMS gating and BirdNET teacher filtering, and converts accepted clips to 64×128 log-mel spectro-
grams. A compact hardware-aware CNN is trained with quantization-aware training (QAT) and synthesized
using the ai8x toolchain. On a held-out Xeno-Canto-derived test split of 3,034 recording-ID-disjoint clips,
the deployed end-to-end path achieves 79.10% top-1 accuracy, 90.90% top-3 accuracy, macro-F1 of 0.792,
and weighted-F1 of 0.789. CNN inference latency is 3.5 ms; the full spectrogram-plus-CNN compute path
requires 218.8 ms per 3-second clip. From measured durations and fixed power coefficients, CNN infer-
ence is estimated at 15.3 µJ and the full compute path at 2.168 mJ. The frontend accounts for approximately
99.3% of estimated compute energy, revealing how accelerator-backed classification shifts the system bottle-
neck from CNN inference to feature extraction. To the best of our knowledge, this is among the first reports
of a deployed multi-class bird-audio classifier with microjoule-scale CNN inference on this hardware class.
Evaluation is limited to held-out public-audio clips; long-duration field deployment remains future work.

Keywords: bioacoustics, embedded AI, bird classification, TinyML, MAX78002, passive acoustic monitoring,
quantization-aware training

1 Introduction

Bird populations are widely used as indicators of ecosystem condition because changes in abundance and
distribution reflect broader pressures such as land-use change, habitat degradation, and climate change
[Gregory et al., 2005]. Passive acoustic monitoring extends this idea by allowing autonomous recorders to col-
lect long-duration environmental audio without continuous human survey effort [Shonfield and Bayne, 2017,
Hill et al., 2018]. For dense monitoring networks, raw audio alone is not enough: useful deployments also
need local species-level screening that limits storage, bandwidth, and maintenance cost.

Large-scale bird-audio classifiers such as BirdNET show that spectrogram CNNs can recognise broad
species sets with strong accuracy [Kahl et al., 2021]. However, many monitoring deployments do not require a
global classifier; they require reliable screening of locally plausible species on hardware that can remain in the
field. MicroBird addresses this narrower setting with a regional Irish species set and a classifier designed for
deployment on a microcontroller-class device rather than a single-board computer.

MicroBird tests whether a regional class set and hardware-aware CNN can provide useful multi-class bird-
audio accuracy at much lower embedded compute cost. The target hardware is the MAX78002, a micro-
controller with an Arm Cortex-M4 host processor and a dedicated low-power CNN accelerator. The accel-
erator can execute quantized convolutional networks efficiently, but only when the architecture fits the ai8x
synthesis flow, supported operators, memory layout, and layer scheduling constraints [Analog Devices, 2022a,
Analog Devices, 2026b, Analog Devices, 2026a]. This makes quantization-aware training, spectrogram design,
and firmware evaluation part of the same deployment problem rather than separate offline steps.

Accordingly, the evaluation considers model accuracy alongside stage-level latency and estimated compute
energy to identify where optimisation effort has the greatest system-level effect.

This paper makes four contributions:
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• A reproducible regional bird-audio dataset pipeline using public occurrence/audio sources and BirdNET-
guided clip filtering.

• A 51-class hardware-aware spectrogram CNN trained with QAT and synthesized for the MAX78002.

• A deployed embedded pipeline with Cortex-M4 spectrogram generation and MAX78002 CNN accelera-
tor inference.

• An empirical accuracy, latency, and duration-based energy evaluation showing useful multi-class accu-
racy and that frontend spectrogram computation dominates the deployed compute cost.

2 Related Work

Bird-audio recognition has shifted from hand-engineered acoustic features to spectrogram-based deep learning.
BirdCLEF helped establish large-scale public evaluation for avian sound recognition, and by 2016 CNN-based
spectrogram systems were already outperforming classical pipelines [Goëau et al., 2016, Sprengel et al., 2016].
BirdNET is the most relevant large-scale reference system: it uses deep spectrogram models to identify hun-
dreds of North American and European species and has become a widely used tool for avian diversity monitor-
ing [Kahl et al., 2021].

Xeno-Canto provides large numbers of community recordings with useful metadata, but labels are typi-
cally at recording level and recordings vary in duration, quality, background noise, and co-occurring species
[Vellinga and Planqué, 2015]. The BirdSet benchmark paper highlights a broader reproducibility issue in avian
bioacoustics: datasets, preprocessing choices, task definitions, and evaluation boundaries are often difficult to
compare across studies [Rauch et al., 2025]. MicroBird therefore reports the regional species list, clip filtering
rules, spectrogram settings, and recording-ID group split explicitly.

Low-power monitoring systems occupy a different design space from high-capacity server or cloud models.
AudioMoth made low-cost acoustic logging practical, but it is primarily a recorder rather than a deployed
multi-species classifier [Hill et al., 2018]. Bird@Edge moves recognition closer to the recording site using
edge hardware and a distributed monitoring setup, but remains oriented toward more capable edge platforms
rather than a microcontroller CNN accelerator [Höchst et al., 2022]. TinyChirp demonstrates that bird-song
screening can run on an nRF52840-class microcontroller, but its reported task is binary corn-bunting detection
rather than regional multi-species classification [Huang et al., 2024]. WrenNet is closest in spirit to MicroBird
because it targets 70-species bird classification on low-power bioacoustic loggers and reports deployment on
AudioMoth [Ciapponi et al., 2026]. MicroBird differs by using a dedicated microcontroller CNN accelerator,
a 51-class Irish species set, and an explicit split between frontend spectrogram cost and CNN inference cost.

3 Method

3.1 Dataset Construction

The class set contains 50 Irish bird species plus non_bird. Candidate species were selected from eBird
occurrence data and cross-referenced with BirdWatch Ireland monitoring resources [Sullivan et al., 2009,
Lewis et al., 2020], then represented in JSON lists with numeric identifiers, common names, and scientific
names. The pipeline is intended to scale to larger regional lists, but the deployed system evaluated here uses
this 51-class task.

Recordings were collected from Xeno-Canto using species-level metadata manifests. Candidate recordings
with quality ratings A–C were retained, species were capped at 350 recordings, and no more than 50 recordings
per recordist were selected to reduce over-representation of a single recording style or environment. Recordings
from Ireland, the UK, and nearby regions were preferred.

Each recording was split into non-overlapping 3-second clips after skipping the first second. An adaptive
root-mean-square (RMS) gate discarded low-energy windows using the louder of −40 dBFS and the recording’s
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30th RMS percentile. Remaining windows were classified with BirdNET as a teacher. A window was accepted
as the target species when BirdNET’s top detection matched that species with confidence above 0.3. If no
bird was detected above a 0.1 general bird threshold, the window was retained as non_bird; if another bird
species was detected, the window was dropped. The non_bird class is therefore an initial rejection class
derived from low-confidence public-recording windows, not a comprehensive environmental soundscape class.

The final spectrogram dataset contains 30,201 clips, split 80/10/10 into 24,147 train, 3,020 validation, and
3,034 test clips. Splitting was grouped by Xeno-Canto recording ID so that clips from the same source recording
did not appear in multiple partitions.

3.2 Preprocessing

Audio was loaded as 16 kHz mono. Each 3-second clip was converted to a log-mel spectrogram using a 1024-
sample short-time Fourier transform (STFT) window, hop length 256, 128 mel bins from 120 Hz to 8000 Hz, dB
scaling relative to the clip maximum, and clamping to [−80, 0] dB. Spectrograms were resized to 64× 128 and
normalised with a per-sample transform that subtracts the sample mean, divides by sample standard deviation,
clamps to [−3, 3], and rescales to [−1, 1].

Training augmentations included SpecAugment-style time and frequency masking [Park et al., 2019], small
time shifts, additive Gaussian noise, and mixup during floating-point pre-training only [Zhang et al., 2018].
Mixup was disabled during QAT so that quantization statistics were collected from real, unblended inputs.

3.3 Model, Training, and Deployment

A small architecture search selected the MicroBird model under the MAX78002/ai8x deployment constraints.
Candidate models varied base channel width, additional convolution blocks, and residual connections while
using the same split, preprocessing, class weighting, augmentation policy, and Adam training schedule. Valida-
tion accuracy improved substantially from 8- and 16-channel baselines to 32-channel models; adding moderate
depth was more parameter-efficient than width alone at 16 channels, while residual variants did not improve
QAT validation accuracy in this setting. The final model was selected because it provided the strongest balance
of validation accuracy, synthesis compatibility, and deployment margin.

The MicroBird model is an ai8x-compatible CNN for a single-channel 64 × 128 spectrogram. It uses a
3 × 3 stem convolution, three fused max-pool-convolution stages, one additional non-residual 3 × 3 block, a
1 × 1 head convolution, fixed average pooling over the final 8 × 16 feature map, and a 51-output classifier.
The synthesized model has seven accelerator layers, 393,160 parameters, and approximately 384 KB of 8-bit
weights. Floating-point training used learning rate 10−3; QAT began at epoch 30 with learning rate 10−4, 8-bit
weights, and best-checkpoint selection by validation loss. QAT is used here as a deployment requirement, not
only as post-training compression, because integer arithmetic and ai8x layer constraints affect the deployable
network.

The selected checkpoint was synthesized using ai8x and integrated into MAX78002 firmware. The Cortex-
M4 computes the spectrogram frontend using CMSIS-DSP FFT routines, precomputed Hann windows and mel
filters, dB scaling, resizing, int8 packing, and per-sample normalisation [Arm Ltd., 2025]. The CNN accelera-
tor then executes the quantized network and returns top-k predictions. Figure 1 summarises this deployed path.
Two evaluation paths were supported: LOAD_PCM, which uploads 3-second pulse-code modulation (PCM) au-
dio and exercises the full frontend-plus-CNN path, and LOAD_SPEC, which bypasses spectrogram generation
for debugging.

3.4 Evaluation

Final accuracy was measured by replaying the full held-out test split through the deployed UART/API eval-
uation path. Each 3-second PCM audio clip was sent to the board over UART; the firmware then ran the
Cortex-M4 spectrogram frontend, executed the CNN accelerator, and returned top-k predictions. The host API
was used only for replay and collection, so host-side transfer and control overheads are excluded from the
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Figure 1: MicroBird deployed inference path. The Cortex-M4 computes the 64×128 log-mel frontend from 3-
second audio, while the MAX78002 CNN accelerator runs the quantized classifier and returns top-k predictions.
Evaluation replays equivalent 3-second PCM clips over UART.

64× 128
log-mel

3× 3
stem

pool+conv
stage 1

pool+conv
stage 2

pool+conv
stage 3

3× 3
block

1× 1
head
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8× 16

51-class
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Seven ai8x accelerator layers 393,160 parameters ≈384 KB int8 weights

Figure 2: MicroBird CNN architecture synthesized for the MAX78002. The deployed network contains seven
accelerator layers, 393,160 parameters, and approximately 384 KB of 8-bit weights.

embedded latency and energy figures. CNN latency was measured around accelerator execution, and spectro-
gram frontend latency was measured around the Cortex-M4 preprocessing path. The firmware also exposes
MAX78002EVKIT PMON trigger windows for system and CNN stages following the vendor benchmarking
flow [Analog Devices, 2022b]. Raw PMON serial logs were captured for representative validation runs, but a
verified scalar energy value was not obtained from the PMON stream for all reported stages. Consequently, the
scalar energy values reported below remain duration-based estimates from measured stage durations and fixed
power coefficients. They include spectrogram frontend compute and CNN accelerator inference only, exclud-
ing microphone duty cycle, storage, radio transmission, host-side upload overhead, display, and idle-system
energy.

4 Results

4.1 Deployed Accuracy

The deployed system achieved 79.10% top-1 and 90.90% top-3 accuracy on the held-out Xeno-Canto-derived
test split (Table 1). Macro-F1 and weighted-F1 are close, indicating that the result is not driven only by the
most frequent classes.
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Table 1: Final deployed MicroBird performance on the held-out test split.

Metric Value

Test clips 3,034
Classes 51
Top-1 accuracy 79.10%
Top-3 accuracy 90.90%
Macro-F1 0.792
Weighted-F1 0.789

Per-class results show that errors are concentrated rather than uniform (Table 2). Acoustically distinctive
species such as sparrowhawk, kingfisher, buzzard, swift, and stonechat exceed 96% recall. The weakest class
is non_bird, with 23.33% recall and 29.58% precision, confirming that it should be treated as an initial
rejection class rather than a general environmental sound class.

Table 2: Best and worst deployed per-class recall values.

Class Common name Recall n

Best classes
Accipiter nisus Sparrowhawk 100.00% 23
Alcedo atthis Kingfisher 97.06% 34
Buteo buteo Common Buzzard 96.92% 65
Apus apus Common Swift 96.36% 55
Saxicola rubicola Stonechat 96.05% 76

Worst classes
non_bird Initial rejection 23.33% 90
Prunella modularis Dunnock 56.16% 73
Emberiza schoeniclus Reed Bunting 56.86% 51
Anthus pratensis Meadow Pipit 57.78% 45
Turdus philomelos Song Thrush 58.18% 55

Table 3: Most frequent bird-to-bird confusion pairs in the deployed test run.

True class Predicted class Count

Dunnock Kingfisher 10
House Sparrow House Martin 9
Reed Bunting Yellowhammer 7
Rook Hooded Crow 6
Wood Pigeon Collared Dove 6

4.2 Latency and Duration-Based Energy

Table 4 separates the measured latency and estimated energy of the frontend and CNN stages. CNN inference
is cheap at 3.5 ms and an estimated 15.3 µJ. The full spectrogram-plus-CNN compute path is 218.8 ms and
an estimated 2.168 mJ per 3-second clip. The frontend accounts for approximately 99.3% of the estimated
spec-plus-CNN energy, indicating that spectrogram generation, rather than CNN inference, is the dominant
optimisation target. This marks a system-level bottleneck shift in which accelerator-backed classification is no
longer the dominant cost, making frontend optimisation more consequential than further CNN compression.
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Table 4: Measured latency and duration-based energy estimates. Raw PMON trigger logs were captured for
audit, but the scalar energy values here are estimated from measured duration and fixed coefficients.

Stage Latency Energy type Energy

Spectrogram Cortex-M4 215.3 ms Duration-based estimate 2.153 mJ
CNN accelerator 3.5 ms Duration-based estimate 15.3 µJ
Total spec+CNN 218.8 ms Duration-based estimate 2.168 mJ

4.3 Indicative Prior-Work Comparison

Table 5 compares MicroBird with BirdNET [Kahl et al., 2021], TinyChirp [Huang et al., 2024], and WrenNet
[Ciapponi et al., 2026]. The comparison is indicative and not benchmark-equivalent because tasks, class sets,
clip lengths, hardware, and measurement boundaries differ. MicroBird’s energy value includes spectrogram
frontend compute and CNN inference, while the CNN-only estimate is 15.3 µJ.

Table 5: Indicative comparison with related bird-audio systems. Comparisons are not benchmark-equivalent
because tasks, metrics, clip lengths, hardware, and measurement boundaries differ.

System Task Hardware Reported result Energy boundary Energy/clip

BirdNET 984 spp. RPi 3B+ Global reference model Frontend incl.;
WrenNet bench.

2,790 mJ

TinyChirp Binary nRF52840 Precision >0.98; corn
bunting detection

Frontend incl.;
reported

42.5 mJ

WrenNet 70 spp. AudioMoth 70.1% full-task accuracy Frontend incl.;
reported

77 mJ

MicroBird 51 classes MAX78002 79.10% top-1; 90.90%
top-3

Frontend incl.;
estimate

2.168 mJ

5 Limitations and Future Work

The main limitation is evaluation scope. A held-out focal-recording test split is a common and useful stage for
bird-audio model evaluation, and the split used here is recording-ID-disjoint. However, it is still derived from
Xeno-Canto clips rather than from a long-duration outdoor field deployment. The reported accuracy is therefore
evidence for deployment feasibility on the target hardware, not a final estimate of long-term field performance
under weather, microphone placement, seasonal change, and persistent background noise.

The non_bird class is weak and should be expanded with a richer environmental corpus before being
treated as robust background rejection. The scalar energy values are duration-based estimates rather than inde-
pendently parsed PMON energy measurements. Finally, prior-work comparisons are useful for positioning but
not benchmark-equivalent.

Future work should prioritise richer non-bird data, long-duration field trials, recordist- or location-disjoint
evaluation, fleet-level deployment studies, and frontend optimisation. Since the CNN is already a small fraction
of the estimated compute energy, sliding-window reuse, partial STFT reuse, or lower-cost features may improve
total system cost more than further shrinking the classifier. The same curation pipeline can also be used to test
larger regional species lists under the same hardware constraints.
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6 Conclusion

MicroBird demonstrates that a 51-class regional bird-audio classifier can be deployed end to end on the
MAX78002 with useful held-out accuracy, microjoule-scale CNN inference estimate, millijoule-scale full
compute estimate, and a clear bottleneck shift from classifier inference to spectrogram frontend computation.
The result supports hardware-aware regional classification as a practical direction for low-power acoustic
monitoring, while leaving field validation and stronger non-bird rejection as necessary next steps.
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Abstract

In precision livestock farming, early intervention at the individual level can improve health and welfare
outcomes. However, automated long-term visual monitoring of individual pigs is challenging due to their
lack of distinctive visual features and the scarcity of suitable public datasets. Existing research on this
topic is limited to short time periods, of minutes or hours. Yet, to have a commercial impact, accurate
monitoring over days to weeks is required. Hence, we study long-term pig re-identification, aiming to
recognise individual pigs across multiple weeks despite variation in markings, weight gain, and growth. We
evaluate existing human re-identification methods for this task using a newly released long-term pig tracking
dataset. Our results show that while existing methods excel at same-day re-identification, there is a sharp
drop-off in performance for cross-week scenarios, with many methods approaching chance performance
by around six weeks. We also find that standard classification loss generally outperforms specialised re-
identification loss functions, such as triplet loss, in the long-term setting.

Keywords: Long-Term Re-Identification, Pigs, Precision Livestock Farming

1 Introduction

With the advancement of precision livestock farming (PLF), it is now possible to monitor animals at the individ-
ual level rather than at the group level, allowing farmers to better understand an animal’s behaviour, meet their
nutritional needs, and identify health issues earlier for intervention. For instance, a pig with reduced feed intake
can be identified for further checks to help the pig recover, prevent the spread of potential disease, and minimise
financial loss. At the same time, farms are becoming larger whilst labour input per animal is decreasing, making
manual individual observation impractical. This raises the problem of how to identify and track each individual
pig over long time periods. While ear tags can be used in some circumstances, they are not practical for all sce-
narios [1]. To address the challenge of long-term non-invasive individual monitoring, computer vision-based
multi-object tracking (MOT) algorithms have been explored [2]. However, trackers rely on continuous video
input and accurate ID propagation between frames, which may provide a solution for short-term monitoring,
but in real-world settings, errors accumulate due to factors such as occlusions and fast movements, leading to
tracking failure [3]. A complementary approach is Re-Identification (ReID), which aims to match individuals
over long time periods based purely on visual appearance in single images [4].

Re-identification methods were originally developed for matching people moving between cameras; adapt-
ing them to pigs poses several challenges. In contrast to human ReID, pig ReID is typically a single-camera
task, and humans often wear distinctive clothing, but pigs tend to be visually similar, lacking clear distinguish-
ing visual features [4]. In addition, factors such as illumination, viewing angle, skin stains, dirt, and the pig’s
growth introduce additional unwanted sources of appearance variation (Figure 1). Existing pig ReID bench-
marks [4] are limited to short time periods of several minutes or hours and explore only a narrow range of
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Figure 1: Appearance variation of pigs over time. Each row represents an individual pig. Due to the
lack of distinct features, as well as minor drift of the camera angle, illuminations, stains and pigs’ growth,
identification is difficult. Images extracted from [5]. The images were pre-segmented in the original dataset.

ReID training strategies, leaving long-term performance uncharacterised. Given these challenges, it remains an
open question whether specialised ReID methods, mostly designed for humans or visually distinctive animals,
remain effective for pigs, especially in long-term scenarios.

In this work, we leverage a recently released dataset for long-term, cross-day pig ReID [5], which provides
longitudinal video recordings spanning more than one month on average and globally consistent pig identity
labels across different video recording sessions. In the dataset, the pig images for ReID are pre-cropped and
segmented to remove the interference of the pen background. We aim to understand how a wide range of ReID
methods perform over days or weeks, extending the existing literature that largely focuses on shorter time
periods. To achieve this goal, we evaluate the performance of multiple existing state-of-the-art re-identification
methods over long time spans. To the best of our knowledge, this is the first time such analysis has been carried
out. Hence, our work provides the community with a basis for future research on long-term pig re-identification.

2 Related Work

2.1 Existing Pig Tracking and Re-Identification Datasets

To satisfy the needs for long-term ReID, a dataset should provide i) high-quality ID annotations, such as glob-
ally consistent identity annotations across recording sessions to give indications whether a pig is the same pig
in another video recording; ii) longer tracking spans of days, weeks, or months, instead of only a few minutes
or hours; iii) the pigs in the dataset should not contain additional visible marks that can be exploited by the
models. While several existing tracking-oriented datasets have been repurposed for pig ReID [6, 7], neither
fully satisfies the requirements for long-term evaluation of pig re-identification.

The PigTrack dataset [6] contains dense labelling of each frame for pigs in diverse pen environments. How-
ever, the average monitoring span lasts only 30 seconds, which is useful for short-term tracking but less suitable
for long-term ReID. In addition, we observed that some videos in the PigTrack dataset show clearly visible
marks painted on the pigs’ backs, which the model can easily exploit instead of learning the pigs’ appearance
characteristics. OinkTrack [7] extends the longest single-sequence monitoring time to 1 hour, emphasising the
combined difficulties of occlusions and illumination changes during tracking and ReID. However, the dataset
was sampled from only 2 pig pens, limiting its diversity, and the paper does not explicitly clarify whether its 574
reported identities are consistent across video sequences or only within each sequence, limiting the dataset’s
applicability to ReID across recordings.

Bernotas et al. have recently introduced a longitudinal dataset for pig tracking and re-identification, target-
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ing longer-term identity continuity [5]. It contains 20 monitoring groups, each corresponding to a fixed set of
pigs housed together in a single pen. The dataset meets our key requirements: globally consistent ID labels, a
longer monitoring span of 37.2 days on average (±14.1 days, s.d.), and the absence of visible artificial marks
on pigs. Instead of continuously recording, they captured videos on selected days, reducing the data volume
for long-term coverage. To provide cross-video-consistent and long-term pig ID labelling, they made parallel
recordings in visible and UV light. They then created unique sunscreen patterns on the backs of the pigs, visible
only to UV cameras, not to the RGB camera used to capture the images in the dataset. Therefore, the ReID
models must rely on the pigs’ intrinsic appearance features, mimicking a realistic farm setting. Although the
current public release does not contain the full original dataset due to ongoing curation, with only a small num-
ber of recordings missing, it remains suitable for our long-term evaluation of ReID performance. We note that
the paper describing this dataset evaluates only multi-object tracking methods [5]. Hence, to our knowledge,
we are the first to evaluate the performance of re-identification methods on this dataset.

2.2 Re-Identification Loss Functions

For ReID in the domains of pedestrians, wildlife and cattle livestock, the common loss functions used include
ID losses, triplet losses, and contrastive losses [8, 9].

ID losses formulate ReID as a classification problem, typically optimised by the Cross-Entropy (CE) or a
margin-based loss such as ArcFace [10]. ArcFace imposes an angular margin between the normalised feature
embedding and the normalised class weight vector, encouraging intra-ID compactness and inter-ID separability.
ID losses require a certain number of samples per identity to achieve optimal training performance, which can be
problematic for short video clips. Testing on unseen identities is considered a disadvantage, such as unseen pigs
in the test split, since the model is not explicitly optimised to separate them. Building on the ID loss framework,
TAUDL extends cross-entropy for unsupervised cross-camera pedestrian ReID [11], enabling learning without
clean identity labels or cross-camera annotations. However, it can also be used in supervised single-camera
scenarios by seeing each individual pig group as a virtual camera and using ground-truth ID labels.

Triplet losses are metric learning methods that do not directly optimise the ID labels, but guide the appear-
ance embedding to be closer together for positive samples and farther apart for negative samples. They do not
rely on a predefined set of labels during training, and are more relaxed for unseen labels. They also directly
optimise the image embedding used to measure image similarity. They are often combined with ID loss in
person ReID models, such as BoT [12]. The mining strategy significantly affects the model training for triplet
losses, namely how to select positive and negative pairs. For instance, hard-mining selects the hardest examples
in training batches, i.e., the closest negative and the farthest positive example [13].

Contrastive losses such as the supervised contrastive loss (SupCon) [14] augment each input image twice
to manually generate diverse domain differences. At each step, the loss function selects an image as an "anchor"
and treats other augmented views with the same ID label as positive views. It pulls the distance between the
anchor and the positive views closer and compares it against all other views except the anchor. Compared to ID
losses and triplet losses, since it augments each image twice, it provides greater robustness to domain variance,
but it doubles the training batch size, requiring more computing power.

3 Long-Term Pig Re-Identification

We define long-term pig re-identification as the problem of recognising an individual pig over long time periods,
during which changes may occur in skin/coat markings, weight gain, and growth. We assume that pigs do not
have unique artificial identifiers, such as ear tags, so that re-identification must be performed solely on visual
appearance (Figure 1). The core task is to match a query image to a gallery captured days or weeks earlier
and retrieve all gallery images of the same pig. Both the query and gallery may contain multiple images per
individual. In commercial settings, this can be formulated as closed-set matching because the pigs within a
pen are typically fixed. Accordingly, each query identity is present in the gallery, while all validation and test
identities remain unseen during training. Thus, the models must generalise to unseen pigs.
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Split # Groups # Pigs # Pigs Per Group Recording Interval (Days) Recording Times

Train 12 102 8.50 ± 4.96 4.02 ± 3.03 8.85 ± 4.35
Validation 2 12 6.00 ± 0.00 7.00 ± 0.78 7.50 ± 0.50
Test 2 12 6.00 ± 0.00 7.00 ± 0.78 7.50 ± 0.50

Table 1: Statistics of our train/validation/test splits of [5].

3.1 Re-Identification Model

We use an ImageNet-pretrained ResNet50 as the feature-extraction backbone in all ReID experiments. Feature
maps from the final convolutional layer are globally average-pooled and flattened to produce pig appearance
descriptors. Horizontal flipping is used for data augmentation. No explicit head-to-tail orientation normalisa-
tion is applied, and the backbone is not assumed to be strictly rotation-invariant. We fine-tune the backbone
with Cross-entropy (CE), ArcFace [10], Triplet loss [13], Triplet loss + CE combined (CE+Triplet) [12],
SupCon [14], TAUDL and TAUDL with global header (TAUDL_G) [11].

CE, ArcFace, Triplet, CE+Triplet and SupCon Training batches are constructed by selecting P pigs
with K images per pig. The backbone outputs are fed into a BNNeck [12] to normalise embeddings. During
training, the cross-entropy and arcface losses are computed on features after BNNeck, while the triplet loss is
computed on features before BNNeck. During evaluation, features are extracted after BNNeck. All ID losses
use global classification, computed as a softmax over all pig identities in the dataset. For distance calculation,
the CE model does not need to calculate any distance; ArcFace uses the product of the normalised output-layer
classification weight vector and the normalised output embedding vector to compute the angle; Triplet and the
CE+Triplet variant use Euclidean distance, and SupCon uses cosine similarity for the difference between the
anchor and samples. We use batch-hard-mining for Triplet and CE+Triplet, and no mining for SupCon.

TAUDL Since pigs in different groups do not overlap, we treat each pig group as a separate camera, disable
cross-camera matching, and directly use the dataset’s ground-truth labels during training. We adopt TAUDL’s
camera-wise sampler, which in our case samples C groups and I instance images per pig. Backbone output
after average pooling and ReLU activation is fed to separate classification heads for each pig group, with
cross-entropy computed within each head. As a result, the model does not explicitly learn the discrimination
across different pig groups. This is intentional and designed to simulate a setting in which global ID labels
are unavailable across video recordings. We also evaluate a TAUDL variant with a global classification head,
TAUDL_G, which quantifies the value of cross-session global ID labels.

4 Experiments

4.1 Dataset

We use a subset of the recently released Large-Scale Longitudinal Pig ReID dataset (PigReID) for our exper-
iments [5]. In the subset, the statistics for pig groups 1 to 13, 17, 18, and 20 match those of the full dataset;
groups 14 16, 19, and 21 22 are missing; group 18 is missing one pig identity. Full details are reported in
Appendix A. We manually split the dataset into train, validation, and test sets at the group level, ensuring no
overlap between pigs and pens across the splits. Both the validation and test sets are selected to include 2 pig
groups of 6 pigs each to ensure balanced evaluation. The time interval between each pig’s recording sessions in
both sets is approximately 7 days (one week). The remaining 12 groups are used for model training. Statistics
of the splits are shown in Table 1 and Appendix A.

4.2 Evaluation Protocol

To evaluate ReID performance across temporal separations between recordings, we organise evaluation pairs
into session-gap buckets. Each pig group c is recorded nc times during the monitoring period, producing
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non-overlapping, discontinuous video sessions vc,1, vc,2, . . . , vc,nc sorted by date in ascending order, where each
session corresponds to a single video that contains images of all pigs in group c. For each group, a pair of
sessions (vc,i , vc, j ) with i ≤ j is assigned to the session-gap bucket b = j − i , where vc,i provides the query
images and vc, j provides the gallery images. In the test and validation setting described in Section 4.1, each
session is recorded 7.00±0.78 days apart for each pig group, bucket 0 corresponds to a 0-day gap (same session),
bucket 1 to an approximately 7-day gap, and bucket 2 to an approximately 14-day gap, etc. For bucket 0 (i.e.,
i = j ), where query and gallery come from the same session, to avoid overlaps, the gallery images are sampled
from the first 30% of the session frames, the query images are sampled from the last 30% of the session frames,
and the middle 40% of the session frames are discarded.

For one evaluation, we randomly sample one session pair from a session-gap bucket b per pig, and draw
Nq query images from vc, j and Ng gallery images from vc,i . When multiple images are used, the embeddings
are averaged for matching. We evaluate re-identification performance across session-gaps using the Cumula-
tive Matching Characteristic (CMC) Rank-1 Score, defined as the proportion of queries whose highest-ranked
gallery descriptor matches the query pig’s identity, with larger values indicate better performance.

4.3 Experimental Settings

For all experiments we use input images of size 384x384 pixels and a batch size of 64. Due to the specificities
of contrastive learning, the batch size for SupCon changes to 128 after augmentation. For non-TAUDL models,
we sample 4 instances per pig per batch. For TAUDL models, we sample 8 pig groups and 4 instances per pig
per batch. Hyperparameters, including training steps, are searched based on the average CMC Rank-1 across all
session-gaps in the validation set, and the final performance is reported per session-gap in the test set, averaged
over 10 repetitions. Optimal hyper-parameter settings can be found at Section B. All models were trained on
the AMD MI300X GPU using the Adam optimiser and a cosine learning rate scheduler.

5 Results

Results in Figure 2 show the CMC Rank-1 performance and standard deviation of all re-identification models
across different session-gaps (g_) with the corresponding range of calendar days (_d), and increasing numbers
of query and gallery images per pig. Darker colours indicate better performance.

Long-term Re-Identification Across all models, the strongest performance occurs when query and gallery
images are drawn from the same day, i.e., session-gap 0. With six pigs per pen in the validation and testing
sets, the at-chance Rank-1 CMC is ≈ 16%. Hence, all models demonstrate performance well above chance
at session-gap 0, with the best-performing models exceeding 85% across all query and gallery settings. For
all models, performance generally decreases as the session-gap increases, and several are near chance level by
around 6 weeks (42 days). These results underscore the challenge of long-term pig re-identification, where
factors such as growth, appearance variation, and environmental changes may adversely affect model perfor-
mance over long time periods. Averaged across all session-gaps, the best-performing models are Pure CE and
CE+Triplet. This demonstrates that standard ID loss functions, such as cross-entropy, are effective for long-
term pig ReID tasks. In contrast, Pure Triplet loss performs poorly across all settings on this dataset. Apart
from the case of 1 query and 1 gallery image per pig, which may, however, be more strongly affected by chance
factors. The TAUDL and TAUDL_G methods differ by around 6–7% in average performance, suggesting the
value of global constant ID across videos, although maintaining such identity information across independent
recording sessions may be challenging in commercial deployments.

Varying Query and Gallery Images Increasing the number of query and gallery images improves the per-
formance of all methods, including over longer periods. We hypothesise that increasing the number of images
per pig reduces visual noise by diminishing the influence of chance factors, such as occlusion or illumination,
which may degrade individual-specific information in randomly selected images. However, simply increasing
the number of images per pig is not enough to enable reliable long-term re-identification alone, as even with 5
query and 5 gallery images per pig, performance drops to near chance for many models by around 42 days.
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Figure 2: CMC Rank-1 Re-Identification performance across long time periods, using different numbers of
images per pig for query and gallery. Darker colours represent better performance. For each method, the
mean and standard deviation (std) over 10 runs are reported. Columns are labelled by session-gap g_ and
corresponding calendar days _d.

6 Conclusion

In this paper, we have, for the first time, compared the long-term performance of different ReID methods in
pigs, using a new public dataset. Most methods perform well on the same-day re-identification task, achieving
at least 75% CMC Rank-1 except for Pure Triplet loss, demonstrating that human ReID methods are capable
of performing short-term pig ReID tasks. At the same time, the performance of all evaluated methods degrades
over longer time periods. Many methods approach chance-level performance at a gap of around 42 days be-
tween query and gallery images. The use of multiple query and gallery images per pig generally improves the
performance of all the re-identification methods tried, but alone, this is not enough to enable practical long-term
re-identification. The best-performing long-term re-identification methods make use of standard cross-entropy
loss, with Pure CE and CE + Triplet losses achieving the best performance. We hope that our analysis will
serve as a starting point for future research on long-term pig re-identification, helping to enable individual-level
interventions for improved health and welfare outcomes.

7 Limitations and Future Work

Although we experimented with various ReID methods, we used ResNet backbone to extract embeddings.
Future work may extend to a backbone based on the Vision Transformer (ViT) and orientation normalisation
using a pig body keypoint estimation model to align images along the head-to-tail axis. Limited by the currently
available dataset size, our evaluation set contains only 12 pigs, resulting in relatively large variance and limiting
fine-grained statistical comparisons between methods. We expect this to be addressed once the full dataset
becomes available.
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A Appendix: Data subset statistics

Split Group # Pigs
Recoding Interval

(Days)
Max Interval

(Days)
Min Interval

(Days) Recording Times

Train G3 6 7.14 ± 0.64 8 6 8.00 ± 0.00
Train G4 6 7.14 ± 0.64 8 6 8.00 ± 0.00
Train G5 6 7.14 ± 0.64 8 6 8.00 ± 0.00
Train G6 6 7.14 ± 0.64 8 6 8.00 ± 0.00
Train G7 7 7.25 ± 0.83 8 6 5.00 ± 0.00
Train G8 7 7.25 ± 0.83 8 6 5.00 ± 0.00
Train G9 7 6.83 ± 0.90 8 6 7.00 ± 0.00
Train G12 5 6.83 ± 0.90 8 6 7.00 ± 0.00
Train G13 7 3.64 ± 1.15 6 2 12.00 ± 0.00
Train G17 20 2.44 ± 2.38 7 1 4.50 ± 0.92
Train G18 19 2.21 ± 2.77 11 1 14.47 ± 2.23
Train G20 6 1.00 ± 0.00 1 1 18.00 ± 0.00

Validation G1 6 7.14 ± 0.64 8 6 8.00 ± 0.00
Validation G10 6 6.83 ± 0.90 8 6 7.00 ± 0.00

Test G2 6 7.14 ± 0.64 8 6 8.00 ± 0.00
Test G11 6 6.83 ± 0.90 8 6 7.00 ± 0.00

Table 2: Statistics of the defined PigReID train/validation/test split. The observe interval is computed from
adjacent recording dates of the same pig, and sampling times denote the number of recording dates per pig.

B Appendix: Loss Function Hyper-parameters

Loss name Hyper-parameters

CE+Triplet i d_loss_wei g ht = 0.3; tr i_l oss_wei g ht = 0.7; mar g i n = 0.2; LR = 6e −6; steps = 16025

ArcFace i d_loss_scale = 48; i d_l oss_mar g i n = 0.35; LR = 5e −6; steps = 25640

SupCon temper atur e = 0.03; LR = 1e −5; steps = 6410

TAUDL head = mul ti_head ; LR = 6e −5; steps = 1000

TAUDL_G head = si ng l e_head ; LR = 6e −5; steps = 1000

Pure Triplet i d_loss_wei g ht = 0.0; tr i_l oss_wei g ht = 1.0; mar g i n = 0.2; LR = 6e −6; steps = 16025

Pure CE i d_loss_wei g ht = 1.0; tr i_l oss_wei g ht = 0.0; LR = 6e −6; steps = 16025

Table 3: Loss hyper-parameters. i d_loss_wei g ht and tr i_l oss_wei g ht are the factors for ID loss and triplet
loss, respectively, that contribute to the final loss; the two factors sum to 1. LR represents the learning rate.
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Abstract

Accurate short-term solar irradiance forecasting is essential for reliable photovoltaic power integration.
While convolutional neural networks (CNNs) have demonstrated strong performance for sky-image-based
forecasting, deploying deep learning models on resource-constrained edge devices remains challenging due
to their computational and memory requirements. However, the impact of model compression on solar
forecasting accuracy and deployment efficiency has not been systematically investigated. In this work, we
present a comprehensive benchmark of structured and unstructured pruning for infrared sky image-based
solar irradiance forecasting using infrared sky images from the Girasol dataset. We evaluate four widely
used CNN architectures ResNet-18, EfficientNet-B0, MobileNetV2, and MobileNetV3-Small along with a
lightweight custom baseline model (TinyCNN) across multiple pruning levels ranging from 20% to 80%.
Models are assessed using forecasting accuracy, model size, parameter reduction, and inference latency.
Experimental results show that MobileNetV2 achieves the strongest baseline forecasting performance, with
an RMSE of 37.11 W/m2. Structured pruning yields substantial parameter and latency reductions but is
architecture-dependent, with some models degrading sharply even at the lowest pruning level tested. Un-
structured pruning preserves accuracy more consistently across architectures and substantially reduces com-
pressed checkpoint size, but provides little to no inference speed improvement on conventional hardware.
TinyCNN tolerates the highest compression of any architecture under both strategies, though from a much
higher baseline error. Overall, the two strategies offer complementary trade-offs structured pruning favoring
latency and parameter reduction, unstructured pruning favoring accuracy preservation demonstrating that
meaningful compression is achievable for CNN-based solar irradiance forecasting, with implications for
edge deployment.

Keywords: Solar irradiance forecasting, infrared sky imaging, convolutional neural networks, model prun-
ing, edge deployment

1 Introduction

The increasing adoption of photovoltaic energy systems has made accurate short-term solar irradiance forecast-
ing essential for grid stability, energy management, and power dispatch [Barhmi et al., 2026, Alnajadah et al., 2025].
Since rapid cloud movement can cause large intra-hour fluctuations in solar power generation, forecasting
Global Solar Irradiance (GSI) remains an important research problem [Nie et al., 2024]. Ground-based sky
imaging systems are particularly effective for short-term irradiance forecasting because they directly capture
local cloud dynamics at high temporal resolution [Diagne et al., 2013, Paletta et al., 2023]. The Girasol dataset
introduced by Terrén-Serrano et al. [Terrén-Serrano et al., 2021] provides synchronized infrared sky images
and pyranometer measurements for irradiance estimation. Infrared imaging is useful in this context because it
captures cloud structure while being less affected by strong solar glare than visible-light imaging.
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Recent deep learning approaches have improved image-based irradiance forecasting by learning cloud-
related features directly from sky images [Klotz and Nayar, 2026]. CNN-based models, including lightweight
architectures such as MobileNetV2, have shown promising performance on the Girasol dataset [Nijhum et al., 2024].
Complementary research has also leveraged RGB and near-infrared (NIR) sky images for solar forecast-
ing, highlighting the value of multi-spectral imaging for capturing cloud dynamics and irradiance variabil-
ity [Nijhum et al., 2026]. However, practical deployment remains challenging. Solar monitoring stations and
embedded IoT devices often operate under limited memory, computation, and energy budgets, while many
CNN-based forecasting models are still too costly for efficient edge inference [Menghani, 2023, Paletta et al., 2023].
This creates a trade-off between forecasting accuracy and deployment efficiency. Model compression pro-
vides a practical way to reduce this cost. Pruning can remove redundant parameters or channels from neu-
ral networks, while quantization reduces numerical precision to lower storage and computational require-
ments [He and Xiao, 2023, Fang et al., 2023, Wu et al., 2020, Guo, 2018]. Although these techniques are widely
studied in general computer vision, their use for sky-image-based solar irradiance forecasting remains limited.

To the best of our knowledge, no prior work has systematically evaluated pruning techniques across multi-
ple CNN architectures for infrared sky image-based solar irradiance forecasting. Existing studies mainly focus
on forecasting accuracy, with limited attention to deployment-oriented metrics such as model size and infer-
ence latency. In this work1, we present a systematic compression benchmark for CNN-based solar irradiance
forecasting using infrared sky imagery from the Girasol dataset. Five architectures, ResNet18, MobileNetV2,
MobileNetV3-Small, EfficientNet-B0, and a custom baseline (Tiny CNN), are evaluated under multiple struc-
tured and unstructured pruning levels. The models are compared using validation RMSE, model size, and
inference latency.

The main contributions of this work are summarized as follows:

• We evaluate the performance of several popular lightweight CNN architectures for short-term solar irra-
diance forecasting using infrared sky imagery.

• We perform both structured and unstructured pruning across multiple compression levels to analyze their
impact on forecasting performance.

• We provide a comparative evaluation of forecasting accuracy, model size, and inference latency to study
the trade-off between compression and deployment efficiency.

2 Methodology

This study investigates the impact of structured and unstructured pruning on convolutional neural networks
(CNNs) for infrared sky image-based solar irradiance forecasting. The overall pipeline consists of four stages:
dataset preparation, baseline model training, model compression through pruning, and post-pruning fine-tuning
and evaluation. Infrared sky images are used as model inputs, while future global horizontal irradiance (GHI)
values measured by a pyranometer serve as prediction targets. Multiple lightweight CNN architectures are
evaluated, including MobileNetV2, MobileNetV3-small, EfficientNet-B0, ResNet-18, and a custom Tiny CNN
baseline. Baseline models are first trained using a unified training configuration. Structured and unstructured
pruning are then independently applied at multiple pruning ratios, followed by fine-tuning and evaluation.

2.1 Problem Formulation

The forecasting task is formulated as a supervised image-to-regression problem. Given an infrared sky image
captured at time step t , the objective is to predict the future solar irradiance value at time step t +L, where L
denotes the forecasting horizon.

ŷt+L = f (It ;θ), (1)

1https://github.com/ifran-rahman/solar-forecasting-pruning
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Figure 1: Sample infrared sky images from the Girasol dataset used for solar irradiance forecasting. The images
capture a range of sky conditions, including clear, partially cloudy, and overcast scenarios.

where It denotes the infrared sky image at time t , ŷt+L denotes the predicted future irradiance value, f (·)
represents the CNN forecasting model, and θ denotes the trainable model parameters. The forecasting horizon
was fixed at 5 minutes (20 future time steps).

2.2 Dataset Preparation

The Girasol Sky Imaging and Global Solar Irradiance Dataset [Terrén-Serrano et al., 2021] contains synchro-
nized infrared sky images and pyranometer-based irradiance measurements collected at the University of New
Mexico for short-term solar forecasting. Figure 1 demonstrate some sample IR images from the dataset. This
study uses 59,778 infrared sky images acquired between December 2017 and January 2018. To preserve tem-
poral consistency and prevent data leakage, the dataset was split chronologically, with training samples drawn
from 8 December 2017 to 8 January 2018 and validation samples taken from the subsequent 7-day period,
consisting of 48,164 raw training images and 11,614 raw validation images. The forecasting horizon was fixed
at L = 20 future time steps. After removing samples without valid future targets, the final dataset contained
47,564 training samples and 11,474 validation samples. For each sample, the input image at time t was paired
with the irradiance measurement at time t+L. Images with a resolution of 60×80 pixels were normalized using
min-max normalization.

2.3 CNN Architectures

Five CNN architectures were evaluated to analyze the effectiveness of pruning across lightweight and heavy-
weight models. These widely adopted architectures are commonly used benchmarks for studying accuracy-
efficiency trade-offs. All architectures were adapted for scalar irradiance regression by replacing their original
classification heads with a single fully connected regression layer producing one irradiance prediction.

MobileNetV2 is a lightweight CNN architecture based on inverted residual blocks and depthwise separa-
ble convolutions, designed for efficient mobile and edge inference. MobileNetV3 Small extends this design
by incorporating squeeze-and-excitation modules and hardware-aware neural architecture search for improved
computational efficiency. EfficientNet-B0 employs compound scaling of network depth, width, and input reso-
lution to achieve a balanced trade-off between accuracy and computational cost. ResNet18 is a residual CNN
architecture that uses skip connections to facilitate stable optimization of deeper networks and serves as the
heavyweight reference model in this study. In addition, a custom lightweight architecture, referred to as Tiny-
CNN, was implemented using two convolutional layers with ReLU activations and max-pooling operations,
followed by a fully connected regression head. The TinyCNN architecture consists of two convolutional blocks
followed by a fully connected regression layer, as summarized in Eq. (2). TinyCNN was designed as an ex-
tremely lightweight edge-deployment baseline.

Input→Conv(3×3,16) →ReLU→MaxPool→Conv(3×3,32) →ReLU→MaxPool→ Flatten→ FC(9600 → 1) (2)

All models were trained from scratch without pretrained weights. For MobileNetV2, MobileNetV3-Small,
EfficientNet-B0, and ResNet18, the original classification layers were removed and replaced with regression
heads. Adaptive average pooling was additionally applied after feature extraction for the MobileNet-based
architectures.
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2.4 Structured Pruning

Structured pruning removes entire convolutional filters or channels, reducing parameter count and computa-
tional complexity while preserving dense tensor operations compatible with standard hardware [Zhu et al., 2025].
Magnitude-based structured pruning was implemented using the torch-pruning framework with L2-norm
filter importance:

Si = ∥Wi∥2 =
√∑

j
w2

i j , (3)

where Wi denotes the weights of filter i . Filters with lower importance scores were pruned first.
Pruning ratios of 20%, 40%, 60%, and 80% were evaluated across all CNN architectures. Following prun-

ing, models were fine-tuned for 3 epochs using Adam with a reduced learning rate of 10−4. Performance was
evaluated using RMSE, MAE, parameter reduction, model size, and inference latency.

Parameter Reduction (%)=
(
1− Ppruned

Pbaseline

)
×100, (4)

where Pbaseline and Ppruned denote the number of parameters before and after pruning, respectively.

2.5 Unstructured Pruning

Unstructured pruning removes individual weights while preserving the original tensor dimensions, producing
sparse weight matrices. L1 unstructured pruning was applied to convolutional and linear layers using the
PyTorch pruning utilities. Weight importance was determined using absolute magnitude:

Si j = |wi j |, (5)

where wi j denotes an individual weight parameter.
Pruning ratios of 20%, 40%, 60%, and 80% were evaluated. After pruning, models were fine-tuned for 3

epochs using Adam with a learning rate of 10−4. Final evaluation included RMSE, MAE, sparsity percentage,
model size, and inference latency.

2.6 Training Configuration

All models were trained using the Adam optimizer with a batch size of 256 and a mean squared error (MSE)
loss function. To ensure reproducibility, a fixed random seed of 42 was used for NumPy, Python, and PyTorch,
with deterministic CUDA operations enabled. The baseline models were trained from random initialization for
50 epochs using an initial learning rate of 0.001. A StepLR scheduler was employed to reduce the learning rate
by a factor of 0.5 every 10 epochs, and the checkpoint corresponding to the lowest validation loss was retained
for evaluation. For both structured and unstructured pruning experiments, the trained baseline models served
as the starting point. Pruning was applied at four pruning levels (20%, 40%, 60%, and 80%), followed by three
epochs of fine-tuning using a reduced learning rate of (1×10−4) to recover performance. Structured pruning was
implemented using the Torch-Pruning MagnitudePruner with L2-norm importance, while unstructured pruning
employed L1-based weight pruning on convolutional and linear layers. In all cases, the best fine-tuned model
was selected based on validation loss and used for the final evaluation.

3 Experiments and Results

3.1 Evaluation Metrics

All models were optimized using mean squared error (MSE) loss and evaluated using root mean squared error
(RMSE) and mean absolute error (MAE), reported in W/m2:

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 45 ISBN 978-1-9195641-0-4



Table 1: Baseline forecasting performance, parameter counts, and checkpoint sizes for 60× 80 infrared sky
images. Lower values indicate better forecasting performance.

Model Params (M) RMSE (W/m2) MAE (W/m2) MSE (W2/m4) Size (MB) Latency (ms/img)
TinyCNN 0.015 82.14 61.87 6747.77 0.06 0.0200
MobileNetV2 2.225 37.11 27.14 1376.78 8.72 0.0997
MobileNetV3 0.928 39.72 28.22 1577.53 3.67 0.0475
EfficientNet-B0 4.009 38.97 25.20 1518.69 15.58 0.1180
ResNet-18 11.177 45.49 33.76 2068.93 42.71 0.0791

MSE= 1

N

N∑
i=1

(yi − ŷi )2, (6)

RMSE=

√√√√ 1

N

N∑
i=1

(yi − ŷi )2, (7)

MAE= 1

N

N∑
i=1

|yi − ŷi |. (8)

Here yi and ŷi denote the ground-truth and predicted irradiance values, respectively. In addition to forecast-
ing accuracy, deployment-oriented metrics including parameter reduction, sparsity percentage, checkpoint size,
compressed checkpoint size, and inference latency per image are also measured to evaluate model efficiency
after compression.

3.2 Baseline Performance

The forecasting performance of the evaluated CNN architectures is presented in Table 1. All models were
trained using infrared sky images with a spatial resolution of 60×80 pixels. MobileNetV2 achieved the lowest
RMSE of 37.11 and the lowest MSE of 1376.78, indicating the strongest overall forecasting performance among
the evaluated models. EfficientNet-B0 obtained the lowest MAE of 25.20, while its RMSE remained close to
MobileNetV2. MobileNetV3 also achieved competitive performance, with an RMSE of 39.72 and a smaller
checkpoint size of 3.67 MB. ResNet-18, despite having the largest checkpoint size of 42.71 MB, did not provide
the best forecasting accuracy. On the contrary, EfficientNet-B0 is smaller than ResNet-18 (15.58 MB vs. 42.71
MB) yet slower (0.1180 ms/img vs. 0.0791 ms/img), while MobileNetV3 is the fastest of the non-TinyCNN
models at 0.0475 ms/img. TinyCNN required only 0.06 MB of storage and 0.0200 ms per image, making it the
smallest and fastest model, but its prediction error was noticeably higher than the other architectures. Overall,
these results show that larger model size does not necessarily lead to better forecasting performance for low-
resolution infrared sky images. MobileNetV2 provides the best accuracy, while MobileNetV3 offers a strong
balance between accuracy, storage, and latency efficiency.

3.3 Structured Pruning

Structured pruning was applied to all baseline models using the torch-pruning framework at pruning levels
of 20%, 40%, 60%, and 80%. Following pruning, each model was fine-tuned for three epochs and evaluated
using RMSE, parameter reduction, model size, and inference latency. For comparison, the most compressed
configuration below the 10% RMSE-increase threshold is reported; when no configuration met the threshold,
the one with the smallest RMSE increase is shown instead. Table 2 shows that structured pruning removes a
substantial share of parameters while largely preserving accuracy, with parameter counts falling by roughly a
third to a half and RMSE increasing between 2.0% (ResNet-18) and 22.2% (MobileNetV3); MobileNetV2 and
MobileNetV3 exceed the 10% threshold even at the lowest pruning level tested. TinyCNN attains the largest
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Table 2: Selected structured-pruning configurations. For architectures with no configuration satisfying the 10%
relative RMSE-increase threshold, the least-degrading tested configuration is reported.

Model Prune (%) Param. Red. (%) Base RMSE (W/m2) Final RMSE (W/m2) Size (MB) Latency (ms/img)
EfficientNet 20 35.37 38.97 40.97 10.15 0.1010
MobileNetV2 20 35.46 37.10 42.62 5.69 0.0772
MobileNetV3 20 35.19 39.72 48.52 2.42 0.0818
TinyCNN 40 48.87 82.14 86.12 0.03 0.0274
ResNet-18 20 36.26 45.48 46.40 27.25 0.1003

parameter reduction (48.87%) at a modest accuracy cost. Among the full-size architectures, EfficientNet is
most accurate but slowest, ResNet-18 is most robust in RMSE despite being the largest model and among the
slowest, and MobileNetV3 yields the smallest model at the largest RMSE increase, making it size-aggressive
rather than best-balanced.

Figure 2a shows that 80% pruning degrades all architectures sharply, pushing validation RMSE well above
130 (and above 290 for EfficientNet, MobileNetV2/V3, and ResNet-18), indicating this ratio exceeds the viable
compression limit for the task. TinyCNN dominates latency, running roughly 3-10× faster than the other archi-
tectures, but its best configuration (20% pruning, RMSE ≈82) cannot match the accuracy of larger models at
low pruning ratios, reflecting a capacity-versus-speed trade-off. At 20% pruning, MobileNetV2 and ResNet-18
form the accuracy-efficiency Pareto frontier: MobileNetV2 attains the lowest RMSE (≈45) at ≈0.075 ms, while
ResNet-18 reaches comparable RMSE (≈50) at ≈0.10 ms but with a substantially larger parameter footprint,
making MobileNetV2 the more parameter-efficient choice for high-accuracy deployment.

3.4 Unstructured Pruning

To evaluate the compressibility of the forecasting models, unstructured pruning was applied using L1-norm
weight pruning on all convolutional and fully connected layers. Each model was pruned at 20%, 40%, 60%, and
80% sparsity levels and subsequently fine-tuned for 3 epochs. Since unstructured pruning preserves the original
network architecture and does not reduce the number of stored parameters, compression effectiveness was
evaluated using the size of gzip-compressed model checkpoints, in contrast to structured pruning, which reports
the actual checkpoint size since parameters are physically removed. For each architecture, the best configuration
was selected as the most compressed model that maintained an RMSE increase below 10% relative to the
baseline model. Where no configuration met this threshold, the configuration with the smallest RMSE increase
is reported instead.

Table 3 summarizes the selected configurations. EfficientNet, MobileNetV2, and ResNet-18 met the 10%
RMSE threshold at approximately 20% sparsity, with RMSE increases of 3.6%, 3.0%, and 7.8%, respectively.
TinyCNN tolerated the highest sparsity (60%) with only a 1.7% RMSE increase, but from a much higher base-
line (82.14 W/m2). MobileNetV3 was the exception, showing a 31.7% RMSE increase (39.72 to 52.30 W/m2)
at comparable sparsity, indicating higher sensitivity to unstructured weight removal. Excluding TinyCNN, Mo-
bileNetV2 anchors the accurate end with the lowest RMSE (38.23 W/m2). ResNet-18 offers the lowest latency
among the full-size models (0.0887 ms/img) but the highest RMSE among them (49.02 W/m2), while Mo-
bileNetV3 combines the smallest footprint (2.90 MB) with the highest RMSE (52.30 W/m2) among the accu-
rate models. Overall, unstructured pruning substantially reduces storage while largely preserving performance,
but benefits are architecture-dependent and do not reliably translate into latency gains on dense hardware.

Figure 2b illustrates the resulting accuracy-efficiency trade-off. Across EfficientNet, MobileNetV2, and
ResNet-18, latency remains essentially flat from 20% to 80% sparsity, confirming that unstructured sparsity
yields no measurable hardware speedup. RMSE, in contrast, rises monotonically with pruning ratio across
all architectures, reaching a 4-6× increase over the 20% baseline by 80% sparsity. MobileNetV3 shows the
sharpest trade-off: lowest latency at 20% pruning but the steepest accuracy collapse at 80%. ResNet-18 matches
EfficientNet’s accuracy at every pruning level while sustaining roughly 25% lower latency, indicating a more
favorable accuracy-latency profile despite its larger parameter count.
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Table 3: Summary of unstructured pruning configurations selected using a 10% relative RMSE-increase com-
parison threshold. When no configuration met the threshold, the configuration with the smallest RMSE increase
is reported.

Model Prune (%) Sparsity (%) Base RMSE (W/m2) Final RMSE (W/m2) Size (MB) Latency (ms/img)
EfficientNet 20 19.74 38.97 40.37 12.41 0.1178
MobileNetV2 20 19.69 37.10 38.23 6.94 0.1027
MobileNetV3 20 19.68 39.72 52.30 2.90 0.0616
TinyCNN 60 59.80 82.14 83.50 0.03 0.0261
ResNet-18 20 19.98 45.48 49.02 34.18 0.0887

(a) Accuracy–efficiency trade-off after structured pruning.
Bubble size is proportional to model size.

(b) Accuracy-efficiency trade-off after unstructured prun-
ing. Bubble size is proportional to the compressed check-
point size.

Figure 2: Accuracy-efficiency trade-offs obtained using structured and unstructured pruning. Lower RMSE and
lower inference latency indicate better forecasting efficiency, while bubble size represents the storage footprint
of each pruned model.

4 Discussion and Conclusion

These results show that effective solar irradiance forecasting from low-resolution infrared sky images can be
achieved using relatively lightweight CNN architectures: MobileNetV2 achieved the lowest baseline error de-
spite being smaller than ResNet-18, and this relationship inverts under compression, where ResNet-18 tolerates
structured pruning best while MobileNetV2 tolerates unstructured pruning best among the full-size architec-
tures. MobileNetV3 is the consistent exception, degrading sharply under both strategies despite its compact
baseline footprint. Under structured pruning at low pruning levels, MobileNetV2 reaches lower error than
ResNet-18 at lower latency, despite ResNet-18’s greater robustness at higher pruning levels. Under unstruc-
tured pruning, latency stayed flat across all sparsity levels for every architecture even as error rose steadily,
showing the compression gains were confined to storage rather than inference speed. Both strategies collapsed
at the highest pruning ratio tested, with error degrading sharply across most architectures. Future work will
explore knowledge distillation and mixed pruning schedules alongside quantization to test whether this com-
pression ceiling can be extended.
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Abstract

Contrastive Language-Image Pre-Training (CLIP) is a powerful vision-language architecture, but fine-
tuning it requires substantial computational and data resources. We present the Burmese-CLIP, trained on
20,000 machine-translated image-caption pairs using Low Rank Adaptation (LoRA). Our Burmese-CLIP
achieves approximately a seven-fold improvement in Mean Reciprocal Rank (MRR) for text-to-image re-
trieval over zero-shot NLLB-CLIP. We further conduct a systematic comparison of three PEFT methods,
LoRA, DoRA, and AdaLoRA, under identical training conditions to understand their behaviours in a low-
resource cross-modal fine-tuning environment. LoRA at rank 32, the model achieves the strongest retrieval
quality (MRR@1 of 0.2214), while DoRA at rank 16 retains approximately 86% of this performance with
nearly half the trainable parameters, suggesting a favourable efficiency trade-off. AdaLoRA under-performs
across all metrics, which we hypothesise that it might be due to the aggressive pruning of attention projection
layers, which are critical for cross-modal semantic alignment.

Keywords: Low-Resource Language, Burmese-CLIP, Parameter-Efficient Fine-Tuning(PEFT), Contrastive
Learning

1 Introduction

Contrastive Language-Image Pre-Training (CLIP) is a powerful architecture that uses text and visual trans-
formers to encode information into a shared representation space using contrastive learning (Radford et al.,
2021; Dosovitskiy et al., 2020; Vaswani et al., 2017). Trained on roughly 400 million image-text pairs from the
web (Radford et al., 2021), CLIP achieves outstanding results on various downstream tasks such as zero-shot
classification (Thengane et al., 2022; Li et al., 2022), text-image and image-text extraction and more complex
tasks such as semantic segmentation (Lin et al., 2023).

CLIP has been adapted to other languages and domains. The Italian CLIP (Bianchi et al., 2021) was adapted
by using 1.4 million Italian image-text pairs, while the Chinese CLIP (Yang et al., 2023) scales the approach to
200 million native pairs. Multilingual CLIP (mCLIP) (Zhang et al., 2023b) pursues a broader strategy, mapping
dozens of languages into a single shared visual space, and AltCLIP (Chen et al., 2022) uses a teacher-student
framework over 2 million image-caption pairs to support cross-lingual retrieval. For low-resource languages,
NLLB-CLIP (Visheratin, 2023b) has been developed by replacing the CLIP text encoder with ‘No Language
Left Behind’ (NLLB) text encoder achieving excellent results in low-resource languages. Domain-specific
variants follow a similar pattern - FashionCLIP (Cartella et al., 2023) fine-tuned CLIP for the retail sector using
around 700,000 curated image-text pairs.

In this paper, we explore how different Parameter Efficient Fine Tuning (PEFT) methods perform in fine-
tuning CLIP in the low-resource language environment using a small amount of machine-translated data. There-
fore, for this experiment, we chose Burmese as our target language. It is due to its unique computational and
linguistic challenges such as lack of robust support in ASCII-based systems online for Burmese scripts (Htet and
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Dras, 2025). We introduce Burmese-CLIP which is trained on 20,000 machine-translated image-caption pairs
from LAION-COCO-NLLB dataset using various Low-Rank Adaptation methodologies (Visheratin, 2023a).
We replaced the text encoder with multilingual XLM-Roberta-Base (XLM-R) (Conneau et al., 2020), which
was chosen after a token fertility analysis. Our results indicate that Burmese-CLIP performs better than zero-
shot NLLB-CLIP in terms of Mean Reciprocal Rank (MRR) for text-to-image retrieval task, while updating
only 4.3% of trainable parameters.

We also investigate the performance of different LoRA methods in developing Burmese-CLIP. We utilised
Decomposed Low-Rank Adaptation (DoRA) (Liu et al., 2024) with two different ranks and Adaptive Low-
Rank Adaptation (AdaLoRA) (Zhang et al., 2023a), alongside LoRA with 32 rank. The evaluation result
reveals LoRA provides the highest with MRR@1 of 0.2214, while DoRA (r=16) retains 86% of the retrieval
accuracy while training nearly half of the trainable parameters of LoRA. Meanwhile, AdaLoRA with dynamic
target rank of 16 under-performs across the board. Our analysis reveals the importance-scoring mechanism
prematurely eliminated key attention layers, confirming the AdaLoRA’s bias toward FFN layers, which works
against CLIP due to its reliance upon query and key projections (Zhang et al., 2023a; Chung et al., 2025; Wang
et al., 2024). To our knowledge, this is the first systematic PEFT study for Burmese-specific CLIP adaptation.

2 Related Work

2.1 Low-Rank Adaptation (LoRA)

Fine-tuning Large Language Models is computationally expensive and data-intensive (Han et al., 2024; Szep
et al., 2025; Hu et al., 2022). Low-Rank Adaptation (LoRA) addresses this by freezing pre-trained weights and
injecting trainable low-rank matrices as weight updates (Hu et al., 2022; Han et al., 2024; Ding et al., 2023a,b):

∆W = B A, Wnew =W0 +B A, (1)

with A ∈ Rd×r , B ∈ Rr×d , and r ≪ d , reducing trainable parameters to 0.1–3% of the original model while
preserving performance relative to full fine-tuning (Han et al., 2024; Hu et al., 2022).

Several LoRA variants have refined this further (Han et al., 2024). DoRA decomposes pre-trained weights
into magnitude and direction components, optimising each separately (Liu et al., 2024). AdaLoRA treats low-
rank matrices as an SVD and dynamically allocates the parameter budget via an importance-scoring metric
(Zhang et al., 2023a), concentrating learning on the layers most critical to the downstream task.

2.2 Low-Resource Language - Burmese Language

Although Myanmar (Burma) has a population of roughly 54-55 million (World Bank, 2023; United Nations De-
partment of Economic and Social Affairs, 2024), Burmese has a limited machine-readable digital footprint (Htet
and Dras, 2025), shaped by political, socio-economic, and infrastructural constraints that leave text resources
sparse, fragmented, and domain-narrow (Htet and Dras, 2025). This is compounded by encoding fragmenta-
tion. The Burmese script lacked robust ASCII support (Htet and Dras, 2025), and although Unicode is now the
standard, much online Burmese texts remain in the legacy Zawgyi font system, introducing substantial corpus
noise (Oo et al., 2020; Htet and Dras, 2025; Liao, 2017).

Burmese orthography poses further challenges. It does not mark word boundaries with whitespace, and
meaning derives from syllable combinations, so naive segmentation can alter semantic meaning (Thet et al.,
2008; Maung and Mikami, 2008; Ding et al., 2019). Thus, the chosen tokeniser must minimise out-of-
vocabulary fragmentation to avoid such semantic hallucinations (Ding et al., 2019; Thet et al., 2008; Htet
and Dras, 2025).

Recent Burmese NLP works include MyanmarGPT (Si Thu, 2024), trained on a curated multi-domain
corpus with syllable-aware tokenisation, and BURMESE-SAN (Aung et al., 2026), a benchmark for evaluating
LLMs on Burmese-specific tasks. SEA-LION (Ng et al., 2025) similarly argues for targeted regional pre-
training on underrepresented Southeast Asian languages. Our work extends this landscape from text-only
modelling toward multi-modal.
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3 Pre-trained Multilingual Model Selection

Due to unique challenges of the Burmese language, we conducted a fertility analysis to select the most suit-
able pre-trained multilingual model for Burmese-CLIP. We defined fertility as the ratio of produced tokens
to input words for a given text sequence (Rust et al., 2021; Nayeem et al., 2025). Lower fertility indicates
that the tokeniser encodes more information per token, where high fertility corresponds to fragmentation into
byte-level or encoding-like artefacts that carry minimal semantic content (Nayeem et al., 2025). A total of 47
Burmese sentences were used for this analysis. These sentences can be categorised into machine-translated
sentences, similar to the training data, simple sentences such as a common greeting, weather description, and
more complex sentences curated by the authors from Burmese news websites such as BBC Burmese, VOA
Burmese with topics ranging from politics, economics, education and sport. Results are summarised in Table 1,
and XLM-Roberta-Base and mT5-Base outperform the rest. They both produce a clean and coherent tokeni-
sation of Burmese language due to inclusion of Burmese languages as well as employment of SentencePiece
tokeniser (Conneau et al., 2020; Xue et al., 2021). XLM-Roberta-Base was selected as the text encoder due to
its architecture which aligns with the CLIP model (Radford et al., 2021) and wide applications in many other
clips models (Zhang et al., 2023b; Carlsson et al., 2022).

Model Name Average Fertility Score
Mistral 7B v0.1 1.546

BLOOMZ-560M 1.682
ByT5-small 2.875

mGPT 0.730
mBERT 0.616

mT5-base 0.328
XLM-Roberta-Base 0.325

Table 1: Fertility Analysis of Different Multilingual Models

4 Methodology

4.1 Training & Evaluation Dataset

The required dataset was sourced from laion-coco-nllb dataset (Visheratin, 2023a). English captions
have been machine-translated into over 200 languages using the NLLB-200 model (Visheratin, 2023a). We
filtered the dataset for entries carrying Burmese captions with the aesthetic score threshold (score ≥ 5.5) to retain
visually informative images to select images with stronger compositional and visual quality. The final dataset
comprises approximately 20,000 image-caption pairs. 2,000 image-caption pairs were held out for evaluation.
Manual inspection of a random sample of 20 pairs found 18 correctly aligned Burmese captions. The dataset
uses Burmese Unicode and therefore, it was not needed to use Unicode converter. No other normalisation
practices were performed on the dataset. It is noted that due to a machine translation, some semantic drift and
translation artefacts are noted.

4.2 Training

Burmese-CLIP was trained using VisionTextDualEncoderModel, which supports independent visual
and textual encoders that produce embeddings into a shared projection space. The visual encoder is Ope-
nAI’s CLIP ViT-B/32 that produces a 512-dimensional image embedding, and is frozen throughout all training
phases. This is because the visual representation transfers well across different languages (Bianchi et al., 2021;
Visheratin, 2023b). The text encoder is XLM-Roberta-Base with 12-layer bidirectional transformer produc-
ing a 768-dimensional [CLS] representation projected into the shared 512-dimensional embedding space via a
learned linear projection head.
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The model is trained using the symmetric contrastive loss from the original CLIP formulation. For a batch
of N image-caption pairs, the losses are cross-entropy losses over the rows and columns of the N ×N similarity
matrix respectively, with ground-truth labels on the diagonal (Radford et al., 2021; Visheratin, 2023b; Bianchi
et al., 2021).

Training follows a two-phase training motivated by prior work of Italian-CLIP adaptation. In phase 1 (3
epochs), both encoders are frozen and only the projection layers are updated. In Phase 2 (7 epochs), LoRA
adaptors are applied to only the text encoder. The rationale is that the premature fine-tuning of the text encoder
risks destabilising the shared embedding space before a coherent alignment has been established (Bianchi et al.,
2021). We chose the batch size of 64 with maximum token length of 64, and use AdamW Optimiser (Bianchi
et al., 2021), with cosine annealing learning rate. The best checkpoint was selected by minimum evaluation
loss. All shared parameters are in the table below.

Hyperparameter LoRA r = 32 DoRA r = 32 DoRA r = 16 AdaLoRA
Rank r 32 32 16 init=32, target=16
α 64 64 32 32
tinit — — — 0.10 ·T
tfinal — — — 0.50 ·T
∆T — — — 10
β1,β2 — — — 0.85, 0.85
Orth. reg. weight — — — 0.5
Trainable params 5.30M 5.44M 2.76M ∼2.65M

Table 2: Method-specific hyperparameters.

5 Results

5.1 Retrieval Performance and Baseline Comparison

Methods Tuning Strategy Trainable Params MRR@1 MRR@5 MRR@10
NLLB-CLIP Base Zero-Shot 0.00M 0.0218 0.0413 0.0462
NLLB-CLIP Large Zero-Shot 0.00M 0.0248 0.0418 0.0480
AdaLoRA target r = 16 2.65M 0.1337 0.2192 0.2374
DoRA r = 16 2.76M 0.1912 0.2913 0.3093
DoRA r = 32 5.44M 0.2115 0.3136 0.3332
LoRA r = 32 5.30M 0.2214 0.3247 0.3441

Table 3: Text-to-Image retrieval performance across zero-shot baselines, and LoRA variants on the Burmese
evaluation dataset.

Table 3 reports Mean Reciprocal Rank (MRR) at k ∈ {1,5,10} on the held-out evaluation set of approxi-
mately 2,000 image-caption pairs on different methodologies. MRR is computed for text-to-image retrieval
task meaning each Burmese caption is used to query and rank the 2,000-image evaluation dataset. LoRA at
rank 32 achieves the strongest retrieval quality across all values of k, with MRR@10 exceeding 0.34, indicating
that the correct image is retrieved within the top-10 candidates for more than one-third of Burmese text queries.
DoRA at the same rank(r=32) performs similarly, which indicates that DoRA does not provide a meaningful
advantage when adaptor capacity is sufficient (Liu et al., 2024). This is consistent with prior observations in
literature, where DoRA’s gains are more observable at low rank (Han et al., 2024; Liu et al., 2024). DoRA with
rank 16 retains approximately 86% of the LoRA (r=32) performance with a nearly 50% reduction in trainable
parameters. This indicates that DoRA with lower rank is justifiable where storage, cost, and memory bandwidth
constraints exist.
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Figure 1: AdaLoRA Final Rank Allocation

The worst-performing was AdaLoRA, achieving
only 0.2374 MRR@10 despite using a similar num-
ber of parameters as DoRA (r=16). A deep dive re-
veals that query and key layers are heavily pruned in
early, and middle layers (5,7, and 8) received near-
zero rank allocations. This aggressive pruning may
be detrimental in cross-modal settings where precise
query-key interactions are essential for the alignment
of text with visual embedding. This behaviour has been noted in the literature (Zhang et al., 2023a; Su et al.,
2025). AdaLoRA consistently prefers to allocate more budget to FFN modules and top layers (Zhang et al.,
2023a). Since query and key projections play a critical role in aligning representations across modalities, the
aggressive pruning of attention layers suffer from sharp accuracy degradation (Su et al., 2025).

5.2 Performance Comparison with NLLB-CLIP

Figure 2: Similarity matrix (LoRA r = 32 model)

The MRR for text-to-image retrieval was calculated
for NLLB-CLIP Base and NLLB-CLIP Large under
zero-shot condition (Visheratin, 2023b). Burmese-
CLIP (LoRA, r=32) outperforms across all values of
k, with MRR@10 improving from 0.0480 to 0.3441,
approximately seven-fold increase. Whilst NLLB-
CLIP’s text encoder possess Burmese language un-
derstanding, this result indicates that fine-tuning with
a task-specific objective yields a better result, which
is often the case in multilingual models that require
explicit cross-modal supervision to achieve compet-
itive retrieval performance (Wang et al., 2024). It is
important to note that this comparison is against zero-
shot NLLB-CLIP and therefore, the improvement
could be attributed to task-specific fine-tuning itself
rather than this specific methodology. A Burmese
fine-tuned NLLB-CLIP would provide a stricter com-
parison.

5.3 Cross-Modal Alignment: Similarity
Matrix

The Figure 2 presents a 10×10 cross-modal similarity
matrix of best-performing model (LoRA r = 32) on a
random sample of 10 image-caption pairs. It reports the cosine similarity between the text and image pairs.
The diagonal entries achieve cosine similarities ranging from 0.44 to 0.82, with a mean diagonal score of
approximately 0.62. The result demonstrates that meaningful cross-modal alignment has been established.
Row labels in the figure are replaced with English captions for readability.

6 Limitations

First, the data used to train the model are machine-translated, which could cause semantic drift and translation
artefacts. Second, the reported improvement over NLLB-CLIP is measured against a zero-shot baseline, and
therefore, part of this gain may be attributable to task-specific fine-tuning itself rather than to the specific PEFT
methodology evaluated here. A fine-tuned NLLB-CLIP baseline would offer a stricter point of comparison
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and is left for future work. Third, the results presented here represent a lower bound on what is achievable
for Burmese vision–language modelling. A natural next step would be to curate a native Burmese image-text
pair dataset to determine whether a better result can be achieved with full fine-tuning or PEFT-adapted models
trained on non-machine-translated data. Fourth, a comparison of alternative text encoders should be studied
to understand the impact of tokenisation choice on downstream performance, especially given the unique or-
thographic and segmentation challenges posed by the Burmese language. Fifth, the explanation of the poor
performance by the AdaLoRA remains hypothetical since no ablation study was performed. Finally, the evalu-
ation is restricted to a single contrastive retrieval task on a single language; the generalisation of these findings
to other low-resource languages, or to non-contrastive objectives, remains an open question.

7 Conclusion

In this paper, we present the Burmese-CLIP trained on 20,000 machine-translated image-text pairs using various
PEFT methods. The best Burmese-CLIP model, LoRA (r=32) outperformed Zero-Shot NLLB-CLIP Base and
NLLB-CLIP Large on Mean Reciprocal Rank for text-to-image retrieval at k ∈ {1,5,10} using the same held-out
evaluation set of 2,000 image-text pairs. We also explored how other LoRA variants methodologies perform
in the low-resource language setting. Across four LoRA variants evaluated under identical conditions, LoRA
at rank 32 produced the strongest retrieval quality, suggesting that the LoRA formulation is often sufficient
and does not require more complex adaptive variants to be effective in this setting. But the comparison also
showed that alternative approaches are worth exploring. DoRA at rank 16 retained 86% of LoRA’s retrieval
performance with roughly half the trainable parameters, offering a favourable efficiency trade-off for resource-
constrained deployments, while AdaLoRA’s under-performance highlighted that adaptive methods can fail due
to misallocation of ranks.
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Abstract

Billboard placement technologies have become increasingly important in digital advertising, multimedia
production, and augmented reality applications. Accurate computation of the four corner coordinates of a
billboard are essential for the seamless integration of new billboard content. We formulate a loss function
to minimise the error across the computed four corner coordinates while accounting for varying perspective
alignments. We evaluate the accuracy of the corner coordinate predictions using the Root Mean Square Error
(RMSE), obtaining scores of 4.0682 for x-coordinates and 3.8553 for y-coordinates. These results indicate
a high level of accuracy in corner coordinate computation. Next, this paper presents a web-based automated
billboard system (ABS) that integrates video upload, billboard detection, localisation, and placement within
a unified end-to-end framework. The method’s practical applications extend to media companies and digital
content creators, offering valuable insights to video editors and broadening its impact.

Keywords: Digital advertising, Corner coordinates detection, Billboard detection, Web application

1 Introduction

Advertisements in multimedia videos play a crucial role in capturing the attention of a broad audience. Recent
interest focuses on integrating advertising boards with modern techniques [Krishna and Aizawa, 2018], en-
hancing effectiveness in the evolving digital advertising landscape. For effective billboard integration, accurate
detection and corner coordinate computation are crucial. Traditionally, video editors manually inspect image
frames and mark the opposite corners to insert new advertisements, making it a time-consuming and labor-
intensive process. This technological gap significantly affects industries such as advertising and sports broad-
casting, as most existing research approaches billboard detection and analysis as independent tasks, thereby
constraining the development of fully integrated intelligent advertising systems that can jointly detect, analyse,
and optimise billboard placement in real-world environments.

The primary contribution of this paper is the development of a novel corner detection algorithm. We have
also extended this to design and implement an end-to-end automated billboard system that supports practi-
cal user interaction, video processing, and advertisement management workflows. This work focuses on the
system-level integration and deployment of existing billboard detection [Dhang et al., 2024a] models within a
scalable web-based application framework. This is particularly crucial in applying the billboard system, as end
users are often media companies, video editors or content creators. The main contributions to this work 1 are:
i) Extended traditional corner detection with proposed Corner Detection for Advert (CDANet), enabling precise
corner computation under different perspective alignment. ii) Defined a custom loss function that minimises

1To facilitate the reproducibility of this research, the code of this paper is made available: https://github.com/sukritidhang/CEDA-
Net-cornercoord-detection
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error across all four corners, improving localisation accuracy to support multiple billboards in a video frame.
iii) Design and implementation of a user-friendly web-based automatic billboard system interface, Provide
real-time preview and interactive editing functionalities for billboard analysis and visualisation.

The rest of the paper is organized as follows: Section 2 provides the background and related work. Section
3, outline the proposed methodology. Section 4 presents evaluation results. Finally, Section 5 concludes the
paper by summarising the results.

2 State of the Art

Earlier edge detection methods relied on first-order [Sobel et al., 1968] and second-order [Torre and Poggio, 1986]
operators, which were limited to predicting axis-aligned bounding boxes (x1, y1, x2, y2) along with the width
(w) and height (h) of the object. Difficulties arise when the perspective alignment of the object deviates from
the conventional axis (x1, y1, x

′
2, y

′
2, x3, y3, x

′
4, y

′
4). These perspectives aid in comprehensively understanding an

object’s dimensions and spatial relationships by learning its bounding box, making accurate computation of cor-
ner points for effective image registration [Dhang et al., 2025]. Recent deep learning methods have improved
object detection and edge prediction [Liu, 2023]. Wibisono et al. [Wibisono and Hang, 2020] combined tra-
ditional edge detectors with CNNs, while RCNN [Girshick et al., 2014] and Faster RCNN [Ren et al., 2015]
introduced regression-based bounding box refinement. RetinaNet [Lin et al., 2017] further enhanced general
object detection, but such methods primarily focus on standard objects and rectangular bounding boxes. Dhang
et al. [Dhang et al., 2024b] proposed a billboard segmentation framework that localises billboards and extracts
the corner points. The method employs Otsu’s thresholding, followed by erosion and dilation to reduce noise
and reconnect fragmented areas, with contour detection used to identify the final billboard boundaries. This
model computes billboard corner coordinates rather than estimating perspective-aligned billboard corner coor-
dinates.

Despite advances in complex model architectures, scalability and deployment remain major challenges.
Smart advertisement insertion has gained attention, though most studies address detection, classification, seg-
mentation, and inpainting as independent tasks. For instance, Bulkan et al. [Bulkan et al., 2023] proposed
a smart advertisement insertion framework with duration constraints. Cloud-based systems such as AdNext
[Akgul et al., 2020] depend heavily on CNNs and remote infrastructure, limiting suitability for latency-sensitive
environments, whereas lightweight systems like LiveSense [Chen et al., 2019] improve scalability using pre-
trained multimodal models and reduced cloud dependency. Despite these advances, robust deployment across
diverse devices and network conditions remains difficult. Collectively, these works indicate a shift toward
intelligent and context-aware advert insertion systems.

3 Methodology

3.1 Dataset

In this work, we utilised the ALOS dataset [Dev et al., 2019], to train the CDA model, we chose 1,750 images
as the positive class (images containing advert) and 1,750 images as the negative class (images without advert)
[Heonho, 2022][Bansal, 2019]. For evaluation, four publicly available non-copyrighted advert videos were
randomly selected from YouTube, covering varying viewpoints and angles. Due to the limited availability of
advert-focused video datasets with ground-truth corner annotations, the evaluation was conducted on this small
custom sample. The description of the dataset is summarised in Table 1.

3.2 Proposed Corner Detection for Advert (CDA) model

The perspective alignment of the object deviates from the conventional axis (x1, y1, x
′
2, y

′
2, x3, y3, x

′
4, y

′
4), intro-

ducing complexities in corner coordinate computation. Understanding these types of perspective viewpoints
is crucial, as they offer different angles for observing and representing an object. These viewpoints include:
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Table 1: Dataset description

Name ALOS Dataset Video Dataset

Video 1 Video 2 Video 3 Video4

Total number of images 9315 2874 1231 1573 4022
Dimension 512 x 512 1280 x720 1280 x720 1070 x 720 1280 x720
Color grading RGB RGB RGB RGB RGB
Billboard images 1750 1333 - 1573 2710
No-billboard images 1750 1514 1231 - 1312

i) Front View ii) Side View iii) Perspective View. The Figure 1 depicts the different viewpoints of the billboard
class.

(a) Front view (b) Side view (c) Perspective view

Figure 1: Represents different types of perspective viewpoint.

We adopt pretrained AdSegNet model [Dhang et al., 2024b] to generate the probabilistic mask. The model
employs an encoder-decoder architecture, where the encoder comprises three convolution layers with filters
[64, 128, 256] and three max-pooling layers sized (3×3), and the decoder includes four deconvolution layers
and three up-sampling layers. The output of the encoder block is fed into the decoder block with deconvolution
layers consisting of filters [256, 128, 64]. The final deconvolution layer comprises a filter with dimensions
(1×1) for the localization output. To enable billboard corner prediction, the decoder output was flattened and
connected to an additional fully connected regression module. This module consists of two FC layers with
1024 neurons and ReLU activation, with a dropout layer (rate = 0.5) applied after the first FC layer. The final
FC layer contains eight neurons with sigmoid activation, representing the normalised coordinates of the four
billboard corners. These modifications allow the network to directly regress corner points. To accurately predict
the coordinates, we formulate the loss function as follows: Let g = [x1, y1, x2, y2, x3, y3, x4, y4] denote a ground-
truth coordinates, represented by left top coordinate (x1, y1), right top coordinate (x2, y2), left bottom coordinate
(x3, y3) and right bottom coordinate (x4, y4). The predicted coordinates as p̂ = [x̂1, ŷ1, x̂2, ŷ2, x̂3, ŷ3, x̂4, ŷ4]. The
mean squared error (MSE) for each individual coordinate (x and y) is calculated separately, and then these
individual losses are summed to accurately predict each of the four coordinates independently.

The loss function used for computing corner coordinates provides valuable insight, as it is designed to
minimize the error across all four corner coordinates. Unlike standard regression losses that focus on individual
coordinates (such as the top-left or bottom-right corners), this loss function considers all four corners of the
bounding box, which is crucial for accurate and complex perspectives and varying positions. The total loss is
the sum of the squared errors between the predicted and ground truth coordinates for each corner. For each
corner, the squared difference between the predicted and actual x-coordinates and y-coordinates is computed,
and these errors are averaged over the dataset. The formula for corner’s loss is defined as l ossx1 = 1

N

∑N
i=1(x̂1i −

x1i )2, l ossy1 = 1
N

∑N
i=1(ŷ1i − y1i )2. Similarly, we calculated the l ossx2 , lossy2 , l ossx3 , l ossy3 , l ossx4 , lossy4 .

We define the total loss function of the CDA model by the following equation:
loss_coordinates= (l ossx1 + l ossy1 + l ossx2 + l ossy2 + l ossx3 + l ossy3 + l ossx4 + l ossy4 ).
By considering all four corners, the model can better account for non-axis-aligned bounding boxes, ensuring
accurate predictions even when billboards are in varying visibility levels (minority billboard area, and majority
billboard area) and different perspective alignment.
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3.3 Automatic Billboard System (ABS) architecture

Next, a automated billboard system has been designed. This section outlines the development of a responsive,
efficient system design that leverages React for the front-end and Python for the back-end services. Figure 2
demonstrates the flow diagram of the ABS. This end-to-end system integrates all necessary components, such
as data processing, detection, localisation and integration, into one cohesive pipeline. In this web applica-

Frontend: User Interface Design

Result page

1) Show bounding boxes and corner 

coordinates on the video frames.

2) Provide options to download results

Processing page

1) Display Pane: Display intermediate 

outputs. 

2) Model Insights: Explaining what it 

does

Homepage

1) Drag-and-drop or  upload button

2) Processing Options:  Output Format  

3) Process model: Choose the model

Backend: API and Model Serving

Detection model

Images/videos are 

processed and passed 

through models.

Corner coordinates  model

Localization model

Integration task

Output Storage and Download

Database: Storage and Data Management

User data storage

Stores user-specific data

Model Output Storage

1) Stores the intermediate and outputs 

generated by the backend models. 

2) Detected objects, corner coordinates. 

Metadata Storage

Stores configuration details: model type, 

output format preferences

Processing Monitor 

1) Current Processing Stage 

2) Overall Progress 

3) Estimated Time Remaining

Figure 2: Automated billboard placement system architecture

tion, the Billboard Video Upload (BVU) component was designed for uploading videos. Uploaded videos are
temporarily stored within the web application, allowing users to manage video content directly through the
interface. In addition, the system provides video preview capabilities and displays real-time video metadata
such as file format, resolution, duration, and file size.

3.3.1 System Architecture

The system architecture adopts a frontend-backend model to support efficient user interaction, real-time pro-
cessing, and seamless integration with deep learning-based billboard detection models.
Front-end Technology: The frontend of the application was developed using React and Ant Design compo-
nent library. React was selected due to its component-based architecture, which is highly suitable for building
complex and interactive user interfaces. In addition, React’s virtual Document Object Model (DOM) allows ef-
ficient rendering and updating of interface components, which is particularly beneficial for real-time previewing
and interactive billboard manipulation tasks within the application. The Ant Design framework was integrated
to provide a comprehensive collection of high-quality user interface components with consistent styling and
responsive layouts. Furthermore, the framework improves the overall user experience through modern design
principles and extensive documentation support. Figure 3 illustrates the front-end interface used for BVU and
processing.
Back-end Technology: The backend system was implemented using Python for computer vision, and deep
learning applications. Furthermore, Python offers seamless implementation with deep learning frameworks en-
abling efficient deployment of the billboard detection models proposed in [Dhang et al., 2024a, Dhang et al., 2024b].
A RESTful API architecture was adopted to establish standardised communication between the front-end and
back-end systems. The API-based design improves modularity, maintainability, and scalability while allowing
the front-end interface to communicate efficiently with the detection and processing modules.

4 Experimental results

Our evaluation includes both static images and video frames, demonstrating the model’s ability to compute
corner-coordinates of the billboard under various visibility levels and different perspective alignments. We then
evaluated the performance of the ABS.
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Figure 3: Interface for billboard video upload

4.1 CDA model performance

We assess the accuracy of the predicted (pred) four corner coordinates against the ground truth (gt) corner co-

ordinates, by calculating the root mean square error (RMSE) metric as expressed RMSE =
√

1
n

∑n
i=1(xi − x̂i )2,

the square root of the mean of the squared differences between the pred and gt coordinate values. where, xi

is the average of all the four corner coordinates along x-axis of the ground truth and x̂i is the average of all
the four corner coordinates along x-axis of the pred coordinates, n is the number of testing images. Similarly,
RMSE is calculated for y-axis. We also determine the correlation coefficient between the pred coordinates and

gt coordinates using the equation r =
∑n

i=1(xi−x)(x̂i−x̂)√∑n
i=1(xi−x)2

∑n
i=1(x̂i−x̂)2

where, x is the mean of the four corner coordinates

of the gt and x̂ is the mean of the pred four corner coordinates.

Table 2: Summarisation of RMSE and correlation coefficient of models, with custom loss function and without custom
loss function on ALOS dataset (All results are average across the dataset).

Model
RMSE ↓ Correlation coefficient ↑

X coord Y coord X coord Y coord
With custom loss function

Proposed CDA 4.0682 3.8553 0.9875 0.9647
UNet 6.0244 7.1055 0.9696 0.8553

Without custom loss function [Dhang et al., 2024b]
AdSegNet 17.7350 15.3519 0.8257 0.6416
UNet 22.9443 18.6021 0.6988 0.4845
Sobel edge detection method 17.7350 15.3519 0.8257 0.6416

Table 2 presents the results obtained with and without the proposed custom loss function. Compared with
AdSegNet, the proposed CDA model demonstrates superior performance in corner coordinate prediction. The
proposed CDA reduces the RMSE by 77.06% and 74.88% for the x- and y-coordinates, respectively. Addi-
tionally, the correlation coefficients improve by 19.5% for the x-coordinate and 50.35% for the y-coordinate.
These improvements indicate that the proposed CDA model provides more accurate corner coordinates that are
closer to the gt coordinates. Figure 4a compares the average gt x-coords (in x-axis) with the pred x-coords from
the proposed CDA model (in y-axis). Figure 4b and 4c show the comparison between the average gt x-coords
and the pred x-coords using the U-Net and Sobel methods, respectively. Similarly, we plot the average pred
y-coords obtained using the proposed CDA model, U-Net and Sobel methods in Figure 4d, 4e and 4f, respec-
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(a) (b) (c)

(d) (e) (f)

Figure 4: Representation of correlation coefficient plot. We represent (a) x-coords of proposed CDA vs ground truth
coords, (b) x-coords of U-Net vs ground truth coords, (c) x-coords of sobel detection method vs ground truth coords, (d)
y-coords of proposed CDA vs ground truth coords, (e) y-coords of U-Net vs ground truth coords, (f) y-coords of sobel
detection method vs ground truth coords.

(a) Video 1 (b) Video 3 (c) Video 4

Figure 5: Frame-level extraction of billboard corner coordinate by UNet model.

(a) Video 1 (b) Video 3 (c) Video 4

Figure 6: Frame-level extraction of billboard corner coordinates using the proposed CDA model.

tively. The selected representative cases in Figure 5 and 6 reflect billboards in different perspective alignment
and visibility levels to ensure that evaluation covers a wide range of conditions for videos.

4.2 ABS Performance

This section focuses on system integration, operational functionality, interface usability, and deployment per-
formance within the proposed web-based framework. The system successfully processes uploaded videos by
extracting frames at configurable intervals and performing billboard localisation on the extracted frames. Figure
7 depicts the billboard detection interface displaying test results, confidence score, and whether the billboard
exists.

The backend API communication operated reliably through testing, enabling efficient data exchange be-
tween the front-end and deep learning models. Resource utilisation monitoring tracked CPU, memory, and
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Figure 7: Billboard detection interface with results display

Table 3: ABS: Resource utilisation summary

Operation CPU Memory Network
Video Upload 15–25% 120–180 MB 10–50 MB/s
Billboard analysis 70–90% 1.2–1.8 GB 5–10 MB/s
UI Rendering 5–15% 150–250 MB 0.1–1 MB/s
Idle Application 1–3% 90–120 MB < 0.1 MB/s

The color intensity indicates the relative
resource demand of each operation, where:

Red denotes high utilisation.

Yellow denotes moderate utilisation.

Green denotes low utilisation.

network usage of ABS during operation of the implemented components as tabulated in Table 3, confirming
that most operations maintain reasonable resource usage. Thus, ABS represents the most computationally
intensive process due to the high processing demands of the deep learning model.

5 Conclusion

Billboard analysis has become increasingly important in digital advertising and multimedia production. We
formulate a loss function to minimise the error across the computed four corner coordinates while accounting
for varying perspective alignments. Our findings indicate predicting corner coordinates in the ALOS dataset
with RMSE scores of 4.0682 for x-coordinates and 3.8553 for y-coordinates, a high level of accuracy in corner
coordinate computation. We also presented a web-based automated system that integrates video upload, frame
extraction, billboard detection, interactive editing, and result presentation into a unified pipeline.

Overall, the proposed system demonstrates the feasibility of integrating automated billboard placement
and management into a scalable web-based platform, offering practical benefits for digital advertising and
multimedia editing. Although large-scale annotation of billboard corner coordinates is labour-intensive, future
work will focus on expanding the evaluation using more comprehensive advertisement video datasets with
ground-truth annotations.
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Abstract

Photogrammetric surveys are the standard way to measure glacier retreat and surface change, but the sky,
survey aircraft, and ground crew that appear in the imagery destabilise Structure-from-Motion (SfM) pose
estimation and leave halos and ghosting in the reconstructed radiance field. Masking every frame by hand,
the standard remedy, costs an analyst one to two hours per 500-image survey and scales linearly with dataset
size. We show that this manual stage can be replaced by a single short text prompt, and quantify what that
substitution is worth. Automask applies one Promptable Concept Segmentation (PCS) prompt from Segment
Anything Model 3 (SAM3) across a whole survey, with no fine-tuning and no per-image intervention, ahead
of an unmodified COLMAP and Gaussian Splatting pipeline. On a 589-image uncrewed aerial vehicle (UAV)
glacier survey, prompted masking improves every metric over an unmasked baseline across ten end-to-end
runs: peak signal-to-noise ratio (PSNR) by ∼1.2 dB, structural similarity index (SSIM) by 0.065, Learned
Perceptual Image Patch Similarity (LPIPS) by 0.096, and mean SfM reprojection error from 0.556 px to
0.506 px. We also characterise the glacier-specific failure modes, chiefly ice read as sky under overcast
lighting, that bound what a fully automatic single-prompt run can achieve. The implementation is publicly
available at https://github.com/AppleJack9050/automask.

1 Introduction

Repeated photogrammetric surveys of glaciers yield metre-scale estimates of front retreat, surface eleva-
tion change, and ice-flow velocity, but each survey produces hundreds to thousands of overlapping images
that must be reconstructed in 3D [Westoby et al., 2012, Geissler et al., 2021]. The standard pipeline is two-
stage: Structure-from-Motion (SfM) [Schönberger and Frahm, 2016] recovers camera poses and a sparse point
cloud, after which a dense stage produces a continuous radiance field, increasingly with Gaussian Splat-
ting [Kerbl et al., 2023] rather than Multi-View Stereo [Schönberger et al., 2016]; both stages are typically run
through COLMAP [Schönberger and Frahm, 2016, Schönberger et al., 2016].

Glacier imagery stresses both stages. Textureless sky destabilises SIFT correspondences at cloud edges and
horizons [Lowe, 2004, Gindraux et al., 2017], inflating bundle-adjustment residuals; moving objects (helicopters,
ground crew) introduce location-dependent supervision that survives SfM outlier rejection and reappears as
ghosting in the splat optimisation; specular and dynamic surfaces violate photometric consistency; and shaded
firn or smooth ice under-fires the SIFT detector, leaving the dense stage poorly anchored. Per-image manual
masking, the standard remedy, costs an analyst one to two hours per 500-image survey and scales linearly with
dataset size.

Promptable foundation models reshape this trade-off. Earlier pipelines chaining a text-conditioned detec-
tor [Liu et al., 2024] with a class-agnostic segmenter are brittle on out-of-distribution imagery, whereas Segment
Anything Model 3 (SAM3) [Carion et al., 2025] integrates the text-to-region step via its Promptable Concept
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Segmentation (PCS) head, which accepts short noun-phrase prompts such as sky. vehicles. directly.
With image and video propagation, a single prompt can yield coherent masks across an entire survey. The
relevant question is therefore not whether such masks appear plausible, but whether unmodified PCS prompting
materially improves downstream 3D reconstruction.

We make three contributions: (i) Automask, a containerised semi-automatic masking service combining
SAM3 with a queue-driven batch processor and a Vue.js editor, designed to integrate with existing pipelines
(camera → Automask → COLMAP → Gaussian Splatting) and scale via Kubernetes/KEDA; (ii) an end-to-end
evaluation on a 589-image uncrewed aerial vehicle (UAV) glacier survey, reporting peak signal-to-noise ratio
(PSNR), structural similarity index (SSIM), Learned Perceptual Image Patch Similarity (LPIPS), and reprojection
error over ten runs; and (iii) an analysis of the residual failure modes that bound the reliability of a fully automatic
single-prompt run, chiefly ice misclassified as sky under overcast lighting and thin over-bright structures being
missed.

2 Design

2.1 Pipeline Overview

An input dataset I = {I1, . . . , IN } flows through three stages: (1) Masking, in which a SAM3 PCS prompt p
and action a ∈ {REMOVE, KEEP, HIGHLIGHT} yield I ′i ; (2) SfM, in which COLMAP recovers cameras and a
sparse cloud; (3) Gaussian Splatting, in which Gaussians initialised from the sparse cloud are optimised against
the masked images. The user interacts only with stage 1; SfM and splatting run unchanged from their public
implementations (COLMAP 3.13 and gsplat).

2.2 SAM3 Masking

For each prompt p, the PCS head returns binary masks {mi ,k }k per matched concept instance. In batch mode, p
is fixed and SAM3’s internal features enforce coarse spatial and temporal consistency across views, which is
what makes a single-prompt, full-dataset workflow tractable. The action a composes masks into I ′i : REMOVE

zeroes masked pixels (used when the prompt names unwanted content); KEEP is its dual (occasionally useful in
interactive refinement); HIGHLIGHT alpha-blends a random colour over each region, biasing the SIFT detector
toward those regions by raising local image entropy.

2.3 Prompt and Action

The configuration evaluated in this paper is background removal: p = sky. vehicles. with a = REMOVE.
It targets the dominant noise sources identified in Section 1, on the hypothesis that SfM is misled by spurious
matches in these regions. The KEEP and HIGHLIGHT actions are available in the system and are used during
interactive refinement, but are not evaluated here; this configuration is referred to below as “Masked”.

2.4 Reconstruction Backend

COLMAP uses default SIFT settings, untuned per dataset. The calibrated cameras and sparse cloud initialise
Gaussian Splatting (PyTorch, gsplat, default optimiser settings). When REMOVE has been applied, masked
pixels do not contribute to the photometric loss, so the splat optimisation benefits from cleaner supervision as
well as cleaner poses.
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Figure 1: Automask architecture. Solid arrows carry image data, dashed arrows carry control signals. One
prompt and action pair is applied to a whole survey: the API chunks the dataset into batches, RabbitMQ
distributes them across processor pods, and KEDA adds pods when the backlog exceeds five batches. Masked
images are written to the shared volume and consumed unmodified by the reconstruction backend; the editor is
optional and operates on individual images.

2.5 Evaluation Metrics

We use PSNR (pixel fidelity, dB), SSIM (local luminance/contrast/structure), LPIPS (AlexNet-backbone percep-
tual similarity, sensitive to blur and ringing that PSNR/SSIM miss), and SfM reprojection error:

RMSE = 1

|O |
∑

(i , j )∈O

∥xi j − x̄i j∥, (1)

where O is the set of valid observations, xi j the observed position of point i in image j , and x̄i j its prediction.

3 Implementation

Automask separates three concerns (a low-latency interactive front-end, a stateful API, and a GPU-backed image
processor) into Docker services orchestrated on Kubernetes, communicating through a RabbitMQ queue and a
shared persistent volume (Figure 1). Only the masking processor is specific to the vision task; the remaining
components exist so that one prompt can be applied to an entire survey without analyst involvement, which is
the property the evaluation in Section 4 depends on.

3.1 Masking Processor

Each processor pod runs a consumer that hands batches to a FileProcessor, which processes files serially
within the pod; parallelism is provided across pods rather than within them. An empty prompt invokes SAM3’s
automatic mask generator; a non-empty prompt goes through PCS directly. Masks are composed with the action
by a FileEditor built on Kornia [Riba et al., 2019], keeping the pipeline on the GPU and avoiding a host
round trip per image. The three actions reduce to tensor operations: HIGHLIGHT alpha-blends a per-mask random
colour at α= 0.5; KEEP multiplies by the mask union; REMOVE multiplies by its complement. Per-image cost is
dominated by SAM3 inference, so the processor is compute-bound and scales close to linearly in the number of
pods.
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3.2 Batch Execution and Scaling

The API chunks each request into batches of up to 50 files. Batching bounds per-message GPU memory, lets
multiple pods work in parallel on one user’s request, and gives RabbitMQ enough granularity to redistribute
work after pod failure. KEDA monitors queue depth and adds processor pods when the backlog exceeds five
queued batches (∼250 images). A persistent volume mounted in every pod holds input, intermediate, and output
images, so newly scheduled pods resume without per-pod data migration. Processors are stateless except for the
GPU-resident SAM3 checkpoint, which is baked into the image at build time to keep cold start deterministic;
horizontal scaling therefore requires no coordination between pods.

3.3 Interactive Refinement

The Vue.js editor exposes four file states (Uploaded, Processing, Processed, Saved). From Processed, the user
opens an editor displaying the source image, the SAM3 masks, and refinement tools; per-mask remove and keep
operations execute client-side, and a brush tool handles cases the prompt misses, such as the thin structures
discussed in Section 5. Edits are recorded in an undo/redo store that persists across page navigation. The editor
is used for per-image correction only and plays no part in the batch results reported below, which use a single
unedited prompt.

4 Evaluation

4.1 Setup

We use a 589-image UAV glacier survey (DJI FC330, pinhole with two radial distortion coefficients) from the
UNAVCO TLS repository, downsampled to 2000×1500 pixels. Approximately one-third of frames include sky,
a smaller fraction the survey helicopter, and the glacier surface ranges from crevassed sections to smooth shaded
firn. All experiments run on a single workstation (NVIDIA RTX 5090, AMD Ryzen 7 9700X, 48 GB RAM,
Ubuntu 24.04.3) using COLMAP 3.13 (default SIFT), gsplat on PyTorch 2.8/CUDA 12.9 (default optimiser),
and the public SAM3 checkpoint with no fine-tuning.

Both configurations are run through the full pipeline ten times to control for splat stochasticity. PSNR, SSIM,
and LPIPS are computed on the original unmasked held-out views, so both configurations are scored over an
identical pixel set; masking affects training supervision only.

4.2 Full-Pipeline Quantitative Results

Table 1: Reconstruction quality on the 589-image UAV glacier dataset. Mean ± standard deviation over ten
independent runs; best in bold.

Dataset PSNR↑ SSIM↑ LPIPS↓ Reproj.↓
Original 22.30±0.18 0.723±0.006 0.408±0.014 0.556±0.012

Masked 23.52±0.21 0.788±0.004 0.312±0.015 0.506±0.010

Masking improves every metric (Table 1): PSNR by ∼1.2 dB, SSIM by 0.065, LPIPS by 0.096, reprojection
error from 0.556 to 0.506 px. Masked variance is comparable to or smaller than Original’s on every metric, so the
gain is not driven by a few favourable runs. Expressed as standardised effect sizes, the four improvements span
d ≈ 4.5 (reprojection error) to d ≈ 12.7 (SSIM): modest in absolute terms, but large relative to the run-to-run
variation of the splat optimisation. SSIM shows the smallest variance (consistent with its smoothness as a metric)
and LPIPS the largest (deep-feature metrics are more sensitive to optimiser-trajectory changes).
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(a) Unmasked reconstruction. (b) Masked reconstruction.

Figure 2: Renderings from comparable viewpoints. Unmasked (left) shows blurred halos and ghosting from sky
pixels and dynamic objects entering the splat optimisation; these are absent on the right.

4.3 Qualitative Results

Figure 2 shows two patterns the per-pixel metrics only partially capture: surviving sky pixels produce diffuse
blue halos along the glacier silhouette (low-opacity Gaussians instantiated at indeterminate depth), and dynamic
content produces ghosts where the same 3D location receives inconsistent supervision across frames. Both are
largely absent from the masked reconstruction.

5 Discussion

Magnitude of the gains. The improvements are consistent but modest in absolute terms. Viewpoint diversity
and inter-image overlap dominate reconstruction quality, and preprocessing cannot manufacture them; masking
contributes at the margin by removing avoidable noise. What remains is bounded by the failure modes below,
which suggests that further gains lie in improving model behaviour where it fails rather than in further prompt
engineering.

Failure modes. Two glacier-specific failures recur. Ice misclassified as sky: foreground ice is occasionally
classified as sky under overcast lighting, where the statistics of grey cloud overlap with shaded firn or wet
ice; PCS does not distinguish visually similar concepts when one is absent from its training distribution. This
motivates domain-specific fine-tuning of the kind exemplified by MedSAM [Ma et al., 2024]. Thin over-bright
structures missed: helicopter rotors, guide wires, and antenna edges are at the segmentation model’s resolution
threshold and are consistently missed by the vehicles prompt even when the helicopter body is segmented.
Both are easily corrected with a brush stroke in the editor but constrain what a fully automatic single-prompt run
can achieve.

Limitations and future work. The evaluation uses a single dataset and a single prompt and action configura-
tion; alternative prompts, alternative actions, and their composition are not evaluated here, and the result may
not transfer to substantially different content distributions. SfM and splat backends use default settings. The
evaluation measures novel-view rendering quality and SfM residuals; the geometric accuracy of the reconstructed
surface is not assessed against an independent reference. The most direct extension is glacier-specific fine-tuning
of the PCS head, in the manner of MedSAM3 [Liu et al., 2025], for which a curated corpus with hand-verified
ice/sky boundaries should suffice. Beyond preprocessing, the SAM3D Objects family suggests an end-to-end
pipeline that segments and produces 3D structure with one model, subsuming COLMAP. A natural front-end
extension is collaborative editing via a WebSocket that broadcasts edit events through the existing undo/redo
store.
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6 Related Work

Promptable segmentation. Segment Anything (SAM) [Kirillov et al., 2023] introduced promptable im-
age segmentation as a foundation-model task, separating a heavy ViT image encoder (run once per image)
from a lightweight prompt encoder and mask decoder so image embeddings can be reused across prompts.
SAM3 [Carion et al., 2025] shifts the centre of gravity to Promptable Concept Segmentation, which accepts
noun-phrase prompts and/or image exemplars and returns one mask per matching instance, using a multimodal
LLM [Yin et al., 2024] for ambiguous prompts and a DETR-style detector [Carion et al., 2020] with a learned
“presence token”. The PCS head subsumes the role of a separate open-vocabulary detector, the property Automask
exploits to drop a stage relative to a chained text-detector + segmenter design.

Domain-adapted SAM variants. General-purpose SAM checkpoints fail on data far from natural images.
MedSAM [Ma et al., 2024] adapts SAM to medical imaging via encoder downsampling, an FPN for multi-scale
lesion segmentation, and CT/MRI fine-tuning. SAM-Adapter [Chen et al., 2023] freezes foundation weights
and injects task-specific knowledge through small MLP adapters. We considered SAM-Adapter for ice/water
boundaries but found no clean integration with PCS-style prompting; the results in Section 4 suggest fine-tuning
is the appropriate next step.

Applications and SfM preprocessing. Existing SAM-based applications cluster into browser-based single-
image demos (often using SlimSAM [Chen et al., 2024] or ONNX runtime, unsuitable for batch processing
hundreds of images) and vertical clinical tools such as MedSAM-Lite. Automask occupies the middle: batch
input with per-image interactive refinement for remote-sensing researchers. SfM preprocessing pipelines typically
use fixed-class semantic networks or heuristic colour models for sky removal, both of which generalise poorly to
glacial imagery in which overcast sky is hard to separate from snow. Foundation models accept the problem
class as a prompt at inference time; the contribution here is therefore not a new architecture but a controlled
empirical study of what such a model contributes inside an existing SfM + Gaussian Splatting pipeline.

Glacier remote sensing. Photogrammetric monitoring of glaciers has expanded with UAV adop-
tion [Bhardwaj et al., 2016, Zhao et al., , Zhao et al., 2025]: consumer-grade platforms enable repeated surveys
at lower cost than crewed aircraft or terrestrial laser scanning while resolving sub-metre features. Such imagery
is dense, high-overlap, and rich in precisely the non-glacier content this work targets.

7 Conclusion

Automask uses SAM3’s PCS head to convert a single short text prompt into per-image masks across an entire
glacier survey, improving downstream COLMAP + Gaussian Splatting reconstruction on all four metrics
simultaneously across ten runs. The magnitude of the gains is constrained by source-survey viewpoint coverage
and by glacier-specific failure modes the unmodified PCS head inherits from its training distribution, which
makes fine-tuning rather than further prompt engineering the natural next question. The SAM3 checkpoint is the
only stateful component of the image processor, so replacing it is a single configuration change.
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Abstract

Near-infrared (NIR) imagery plays an important role in agricultural and remote sensing applications
such as vegetation monitoring and environmental analysis. The multispectral sensors required to acquire it
carry higher cost and integration overhead than standard RGB cameras, which motivates methods that infer
NIR information directly from RGB imagery. Existing RGB-to-NIR translation approaches focus primarily
on architecture and methodology, but their performance is constrained by the scarcity of paired training
data, and the question of how to achieve reliable results when paired data is limited has received little direct
attention. This work explores two complementary strategies for addressing this constraint: data augmenta-
tion and pseudo-label semi-supervised learning. Using the Canola UAV dataset and the SEN12MS satellite
dataset, two architectures of substantially different capacity, U-Lite and MIRNet-v2, were trained under
five augmentation configurations and a semi-supervised pipeline that treats model predictions on unlabelled
RGB images as pseudo-labels. Augmentation consistently improved performance across both datasets and
architectures, with the best supervised result reaching 29.74 dB PSNR on Canola. Semi-supervised learning
produced smaller gains, improving performance on Canola when combined with augmentation but failing
to improve over the augmented baseline on SEN12MS. The findings indicate that augmentation is the more
dependable of the two strategies in the low-data regime, while the effectiveness of pseudo-labelling depends
on whether the supervised baseline has learned the target dataset well enough for its predictions to act as
useful training signal.

Keywords: Infrared Imaging, RGB-to-NIR, Image Translation, Image Augmentation

1 Introduction

Near-infrared (NIR) imagery plays an important role in remote sensing applications such as vegetation mon-
itoring and environmental analysis [Gutman et al., 2021, Vescovo et al., 2012, Badgley et al., 2017]. Unlike
visible red-green-blue (RGB) imagery, NIR captures material and structural properties that are not directly per-
ceived in the visible spectrum, including indicators of plant health and surface reflectance [Gutman et al., 2021,
Badgley et al., 2017]. However, dedicated NIR and multispectral sensors carry higher cost and integration
overhead than standard RGB cameras, and are often unavailable on consumer-grade or resource-constrained
platforms. This motivates methods that infer NIR information directly from widely available RGB imagery, en-
abling NIR-like benefits without additional hardware [Aslahishahri et al., 2021, Picon et al., 2022, Jin et al., 2025].

RGB-to-NIR translation can be framed as an image-to-image regression problem, in which a model learns a
mapping from visible bands to a continuous NIR channel [Aslahishahri et al., 2021, Isola et al., 2017]. Recent
work in deep learning, particularly using convolutional and encoder-decoder architectures, has shown strong
performance on related image translation tasks. Learning an accurate RGB-to-NIR mapping nonetheless re-
mains challenging. The relationship between visible and near-infrared reflectance is highly nonlinear and scene-
dependent, and NIR labels typically require specialised sensors and careful calibration [Aslahishahri et al., 2021].
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Available RGB-NIR datasets are often limited in size, geographic coverage, or diversity of land cover condi-
tions [Aslahishahri et al., 2021].

Two limitations follow from these constraints. Models trained on small, homogeneous datasets tend to
overfit and fail to generalise to new locations, seasons, or sensor configurations [Aslahishahri et al., 2021,
Bansal et al., 2022]. Higher-capacity architectures that could exploit richer context are difficult to apply effec-
tively in this regime, since they typically require large quantities of annotated data to avoid poor generalisation
[Aslahishahri et al., 2021, Jin et al., 2025].

Image augmentation is a widely adopted strategy for mitigating data scarcity in deep learning. It increases
the effective size and diversity of a dataset by applying label-preserving geometric and photometric trans-
formations to existing samples, enabling models to generalise better from limited data [Kumar et al., 2024].
Complementarily, pseudo-labelling provides a semi-supervised learning mechanism that leverages a small set
of annotated data to generate approximate labels for unlabelled samples [van Engelen and Hoos, 2020]. In this
approach, a model trained on labelled data is used to infer targets for unseen inputs, which are then incorporated
into the training process to improve performance and generalisation [Su et al., 2024]. While both techniques
have demonstrated effectiveness across various vision tasks, their impact on RGB-to-NIR translation remains
underexplored. This is particularly relevant given the scarcity of paired RGB–NIR datasets, where such meth-
ods could play a crucial role in improving model robustness and scalability.

Motivated by these challenges, this work investigates two complementary strategies for RGB-to-NIR trans-
lation under data-scarce conditions: data augmentation and pseudo-label-based semi-supervised learning. Aug-
mentation expands the effective diversity of the labelled training set through geometric and photometric trans-
formations applied to RGB-NIR pairs. Semi-supervised learning extends the training signal to unlabelled RGB
images by treating predictions from a supervised baseline as approximate ground truth labels. Both strategies
are evaluated on two architectures of substantially different capacity, U-Lite and MIRNet-v2, and across two
remote sensing datasets, the canola subset of the Aslahishahri et al. [Aslahishahri et al., 2021] aerial dataset and
the SEN12MS satellite dataset [Schmitt et al., 2019]. The combination allows the experiments to test whether
observed gains hold across architectures and across remote sensing domains. All codes and datasets are avail-
able at: https://github.com/yearat/RGB2NIR-Low-Data-Augmentation

2 Related Works

Image-to-image (I2I) translation describes the class of problems in which a model learns to convert one repre-
sentation of a scene into another, for instance from an edge map to a photograph, or from a visible-spectrum
image to a synthetic near-infrared output, using a unified learning framework rather than task-specific engi-
neering [Isola et al., 2017]. Rather than generating entirely new content, I2I methods condition their output on
an observed input, enabling applications such as style transfer, image colourisation, modality conversion, and
semantic segmentation [Isola et al., 2017, Minaee et al., 2021].

In remote sensing, I2I translation is relevant because aerial and satellite imagery is multi-spectral, with dif-
ferent spectral bands capturing complementary physical properties of the observed scene [Aslahishahri et al., 2021,
Gutman et al., 2021]. Near-infrared (NIR) imagery encodes information related to vegetation health and sur-
face reflectance that is not directly observable in the visible spectrum [Gutman et al., 2021, Badgley et al., 2017,
Vescovo et al., 2012]. Translating between spectral domains therefore has practical value in precision agricul-
ture, environmental monitoring, and land-use analysis [Gutman et al., 2021, Badgley et al., 2017]and synthesis-
ing NIR from RGB imagery reduces the instrumentation burden of multispectral data collection [Aslahishahri et al., 2021].

Due to the cost and complexity of dedicated NIR imaging systems, alongside the widespread availability
of RGB cameras, recent research has increasingly focused on deep learning-based RGB-to-NIR translation.
These approaches leverage image-to-image (I2I) models to synthesise NIR imagery directly from RGB inputs
[Illarionova et al., 2021, Aslahishahri et al., 2021, Hossain et al., 2025]. Given that vegetation health indica-
tors are primarily derived from NIR data, many studies utilise agricultural datasets and evaluate the effec-
tiveness of generated NIR images through downstream metrics such as the Normalized Difference Vegeta-
tion Index (NDVI) and the Normalized Difference Red Edge (NDRE) [Zhao et al., 2024, Davidson et al., 2022,
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Figure 1: Representative paired RGB–NIR samples from the datasets used in this study. (a) Canola dataset
showing UAV aerial imagery of crop canopy. (b) SEN12MS dataset showing Sentinel-2 satellite imagery. In
both cases, the left image represents the RGB input and the right image represents the corresponding NIR
target.

Aslahishahri et al., 2021]. Despite their effectiveness, these methods typically rely on pixel-wise paired RGB–NIR
datasets, the collection of which is both technically demanding and resource-intensive. Such datasets require
specialised imaging systems, careful sensor alignment, and radiometric calibration to ensure consistency and
usability [Aslahishahri et al., 2021, Hossain and Dev, 2026].

Deep learning models generally achieve improved accuracy and generalisation when trained on large-scale
datasets [Krizhevsky et al., 2012]. However, obtaining sufficient labelled data remains a significant challenge
in many domains, including RGB-to-NIR translation. Addressing data scarcity is therefore an active area of re-
search in machine learning [Alzubaidi et al., 2023]. One widely adopted approach is data augmentation, which
involves generating additional training samples through label-preserving transformations such as geometric
and photometric variations [Kumar et al., 2024]. Image augmentation has proven effective in improving model
robustness and generalisation, particularly in low-data regimes [Rebuffi et al., 2021, Xu et al., 2023].

Another promising strategy is pseudo-label-based semi-supervised learning. In this approach, a model
is first trained on a limited set of labelled data and then used to generate approximate labels for unlabelled
samples [van Engelen and Hoos, 2020, Alzubaidi et al., 2023]. These pseudo-labelled data are subsequently
incorporated into the training process, enabling the model to learn from a larger effective dataset and achieve
improved performance and generalisation [Su et al., 2024].

Despite the data-intensive nature of RGB-to-NIR translation and the challenges associated with dataset
collection, existing work has largely overlooked the problem of improving performance under limited data
conditions. To address this gap, this work investigates the effectiveness of image augmentation and pseudo-
label-based semi-supervised learning for enhancing RGB-to-NIR translation in data-scarce scenarios.

3 Methodology

3.1 Datasets

Two datasets are used in this work: a UAV-based agricultural dataset and a satellite remote sensing dataset,
enabling evaluation of the proposed methods across different domains and testing their robustness and gener-
alisation capabilities under varying imaging conditions and scene characteristics. Representative RGB–NIR
image pairs from both datasets are shown in Figure 1.

The first dataset is the canola subset of the paired RGB–NIR aerial image dataset introduced by Aslahishahri
et al. [Aslahishahri et al., 2021], captured using a UAV-mounted multispectral sensor over agricultural fields in
Canada. The second dataset is derived from the SEN12MS dataset proposed by Schmitt et al. [Schmitt et al., 2019],
using Sentinel-2 satellite imagery. For both datasets, 360 paired RGB–NIR samples are used in this work, with
300 samples used for training and 60 reserved for testing. All images are cropped to 256×256 patches prior to
training. While the Canola dataset contains UAV-based crop imagery, SEN12MS provides large-scale satellite
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Figure 2: Examples of augmentation methods used in this study. From left to right: original image, 90◦ rotation,
horizontal flip, brightness and contrast adjustment. Geometric augmentations are applied pairwise to both the
RGB input and corresponding NIR target, while photometric augmentations are applied only to the RGB input
and the NIR target remains unchanged.

imagery across diverse land-cover conditions, enabling evaluation across substantially different remote sensing
domains.

3.2 Image Augmentation Pipeline

Five augmentation configurations are evaluated to analyse the effect of different augmentation strategies un-
der limited-data conditions. The applied transformations include horizontal flip, vertical flip, rotations of 90°,
180°, and 270°, brightness jitter, and contrast jitter, with representative examples shown in Figure 2. Bright-
ness and contrast augmentations are applied only to the input RGB images while the target NIR images remain
unchanged, whereas geometric transformations are applied consistently to both RGB and NIR pairs to pre-
serve spatial alignment. Each configuration is trained and evaluated independently using the same 300 training
images, and all augmented samples are generated prior to training and kept fixed across epochs to ensure re-
producibility.

3.3 Semi-Supervised Learning Pipeline

For the semi-supervised learning (SSL) experiments, the original 300 training pairs are divided into 200 labelled
RGB–NIR pairs and 100 unlabelled RGB images, while the remaining 60 paired samples are reserved for
evaluation and checkpoint selection. The split is generated once using a fixed random seed and kept consistent
across all SSL experiments. A supervised baseline model is first trained on the 200 labelled pairs and then
used to generate pseudo-labelled NIR outputs for the 100 unlabelled RGB images. Pseudo-labels are generated
from the original unaugmented RGB inputs without confidence filtering, and all pseudo-labelled samples are
retained for training. Two SSL settings are evaluated: without augmentation and with augmentation. In the no-
augmentation setting, the mixed dataset contains 200 real labelled pairs and 100 pseudo-labelled pairs, giving
300 training samples in total. In the augmentation setting, all seven augmentation transforms are applied,
expanding the 200 labelled pairs to 1,600 samples and the 100 pseudo-labelled pairs to 800 samples, resulting
in 2,400 training samples overall. For each setting, two incorporation strategies are investigated: retraining a
new model from scratch on the mixed dataset for 150 epochs using a learning rate of 2×10−4, and fine-tuning
from the baseline weights for 50 epochs using a reduced learning rate of 2×10−5.
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3.4 Models

Two architectures of substantially different capacity are evaluated. The first is a modified U-Lite [Dinh et al., 2023],
a lightweight U-Net-based architecture using axial depthwise convolutions for computational efficiency. U-Net
is chosen as it is one of the most widely used image-to-image (I2I) models and forms the basis of many sub-
sequent architectures. The channel configuration is widened from [16, 32, 64, 128, 256, 512] to [20, 40, 80,
160, 320, 640], resulting in approximately 1.36 million trainable parameters. The second model is MIRNet-v2
[Zamir et al., 2023], a higher-capacity multi-scale restoration architecture that has achieved state-of-the-art per-
formance across various image restoration tasks. Both models are trained using a reconstruction-only objective
without adversarial learning, which is often unstable under limited paired data conditions [Goodfellow et al., 2014].

3.5 Implementation Details

All experiments are conducted on an NVIDIA GeForce RTX 3060 12GB GPU using mixed precision training
to reduce memory usage and accelerate training. A global random seed of 42 is used across all experiments to
ensure reproducibility. Models are trained using the Adam optimiser with a learning rate of 2×10−4, a batch
size of 4, and a CosineAnnealingLR scheduler over 150 epochs. Gradient clipping with a maximum norm
of 1.0 is applied to improve training stability. Model performance is evaluated using Peak Signal-to-Noise
Ratio (PSNR) and Structural Similarity Index Measure (SSIM), two widely used reference-based image quality
assessment metrics for evaluating image reconstruction and restoration quality.

4 Results

4.1 Supervised Learning with Augmentation

Table 1 presents PSNR and SSIM results for both models across five augmentation strategies on Canola and
SEN12MS datasets.

Model Augmentation Canola SEN12MS
PSNR SSIM PSNR SSIM

MIRNet-v2

Baseline 28.62 0.9280 28.14 0.8245
Flips 29.49 0.9394 29.83 0.8495
Rotations 29.74 0.9414 29.28 0.8435
Brightness 29.44 0.9372 28.99 0.8380
Contrast 29.44 0.9372 28.99 0.8380

U-Lite

Baseline 27.95 0.9103 27.10 0.7728
Flips 28.34 0.9222 27.92 0.8048
Rotations 28.36 0.9230 27.96 0.8093
Brightness 28.30 0.9200 27.73 0.7977
Contrast 28.30 0.9200 27.73 0.7977

Table 1: Supervised learning results across augmentation strategies and datasets.

All augmentation strategies improve upon the no-augmentation baseline for both models and datasets. Ge-
ometric augmentations (flips and rotations) yield larger gains than photometric jitter: on Canola, rotations
achieve 29.74 dB (MIRNet-v2, +1.12 dB), while brightness and contrast both reach 29.44 dB (+0.82 dB).
A similar pattern appears on SEN12MS: flips yield 29.83 dB (+1.69 dB) while photometric augmentation
yields 28.99 dB (+0.85 dB). MIRNet-v2 outperforms U-Lite across all conditions, with the gap widening on
SEN12MS (1.87 dB at best) compared to Canola (1.38 dB).
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4.2 Semi-Supervised Learning Results

Table 2 reports PSNR and SSIM for both models across all SSL conditions on both datasets.

Model Aug. SSL Canola SEN12MS
PSNR SSIM PSNR SSIM

MIRNet-v2

None Baseline 28.23 0.9235 27.39 0.8099
None Retrain 28.15 0.9244 27.62 0.8151
None Finetune 28.26 0.9239 27.41 0.8106
Aug all Baseline 29.42 0.9392 29.71 0.8492
Aug all Retrain 29.54 0.9418 28.65 0.8431
Aug all Finetune 29.53 0.9397 29.42 0.8493

U-Lite

None Baseline 27.46 0.9013 26.50 0.7616
None Retrain 27.65 0.9056 26.80 0.7682
None Finetune 27.45 0.9016 26.51 0.7616
Aug all Baseline 27.87 0.9228 27.49 0.8043
Aug all Retrain 28.27 0.9181 26.95 0.8109
Aug all Finetune 27.97 0.9129 27.58 0.8067

Table 2: Semi-supervised learning results. PSNR is reported in dB. Best PSNR and SSIM values for each
model-dataset combination are highlighted in bold.

In the no-augmentation SSL condition, pseudo-labelling produces only marginal changes, with small gains
in some settings and negligible decreases in others. MIRNet-v2 on Canola improves from 28.23 dB (baseline)
to 28.26 dB (finetune, +0.03 dB); on SEN12MS, retrain reaches 27.62 dB (+0.23 dB). U-Lite shows a sim-
ilar pattern, with retrain gains of +0.19 dB on Canola and +0.30 dB on SEN12MS. Augmented SSL yields
larger gains on Canola: MIRNet-v2 achieves 29.54 dB (retrain, +1.31 dB from no-augmentation baseline of
28.23 dB), and U-Lite achieves 28.27 dB (retrain, +0.81 dB). However, on SEN12MS, augmented SSL does
not consistently improve over the augmented baseline. MIRNet-v2 reaches 29.71 dB at the augmented baseline
but drops to 28.65 dB under retrain and 29.42 dB under finetune. U-Lite exhibits the same pattern, with retrain
(26.95 dB) falling below the augmented baseline (27.49 dB), while finetune (27.58 dB) slightly exceeds it.

5 Discussion

The results demonstrate that data augmentation consistently improves RGB-to-NIR translation performance
across both architectures and datasets, with geometric augmentations providing the strongest gains. MIRNet-
v2 consistently outperforms the lightweight U-Lite model, particularly on the more complex SEN12MS dataset.
Semi-supervised learning without augmentation provides only marginal improvements, suggesting that pseudo-
label quality is limited when trained on small labelled datasets. Since pseudo-labels are generated by the base-
line model itself, prediction errors can be propagated back into training, limiting the amount of new informa-
tion introduced by the additional data. When combined with augmentation, SSL improves performance on the
more homogeneous Canola dataset, but produces mixed results on the more diverse SEN12MS dataset, where
the greater variability of the data likely increases pseudo-label noise, reducing the effectiveness of retraining.
Overall, the findings indicate that augmentation is a reliable strategy for improving RGB-to-NIR translation
under limited-data conditions, while the effectiveness of pseudo-label-based SSL depends strongly on dataset
complexity and pseudo-label quality.

6 Conclusion

This work investigated data augmentation and pseudo-label-based semi-supervised learning for RGB-to-NIR
translation under limited-data conditions across two architectures and two remote sensing datasets. The results
show that data augmentation consistently improves performance, particularly with geometric transformations,
while the effectiveness of pseudo-label-based SSL depends strongly on dataset complexity and pseudo-label
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quality. Overall, augmentation proved to be a reliable strategy for low-data RGB-to-NIR translation, whereas
SSL produced mixed results on more diverse datasets. Future work will explore more advanced SSL methods
and evaluate the generated NIR imagery on downstream remote sensing tasks such as NDVI analysis.

Acknowledgments

This research was conducted with the financial support of Research Ireland under Grant Agreement No. 13/RC/2106_P2
at the ADAPT Centre at Trinity College Dublin. ADAPT, the Research Ireland Centre for AI-Driven Digital
Content Technology, is funded through the Research Ireland Centres Programme.

References

[Alzubaidi et al., 2023] Alzubaidi, L., Bai, J., Al-Sabaawi, A., Santamaría, J., Albahri, A. S., Al-Dabbagh, B.
S. N., Fadhel, M. A., Manoufali, M., Zhang, J., Al-Timemy, A. H., et al. (2023). A survey on deep learning
tools dealing with data scarcity: definitions, challenges, solutions, tips, and applications. Journal of Big
Data, 10(1):46.

[Aslahishahri et al., 2021] Aslahishahri, M., Stanley, K. G., Duddu, H., Shirtliffe, S., Vail, S., Bett, K., Poz-
niak, C., and Stavness, I. (2021). From RGB to NIR: Predicting of near infrared reflectance from visible
spectrum aerial images of crops. In 2021 IEEE/CVF International Conference on Computer Vision Work-
shops (ICCVW), pages 1312–1322.

[Badgley et al., 2017] Badgley, G., Field, C. B., and Berry, J. A. (2017). Canopy near-infrared reflectance and
terrestrial photosynthesis. Science Advances, 3(3):e1602244.

[Bansal et al., 2022] Bansal, A., Sharma, R., and Kathuria, M. (2022). A systematic review on data scarcity
problem in deep learning: Solution and applications. ACM Computing Surveys, 54(10s):1–29.

[Davidson et al., 2022] Davidson, C., Jaganathan, V., Sivakumar, A. N., Czarnecki, J. M. P., and Chowdhary,
G. (2022). NDVI/NDRE prediction from standard RGB aerial imagery using deep learning. Computers and
Electronics in Agriculture, 203:107396.

[Dinh et al., 2023] Dinh, B.-D., Nguyen, T.-T., Tran, T.-T., and Pham, V.-T. (2023). 1M parameters are
enough? a lightweight CNN-based model for medical image segmentation. In 2023 Asia Pacific Signal
and Information Processing Association Annual Summit and Conference (APSIPA ASC), pages 1279–1284.

[Goodfellow et al., 2014] Goodfellow, I. J., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair,
S., Courville, A., and Bengio, Y. (2014). Generative adversarial nets. In Advances in Neural Information
Processing Systems, volume 27.

[Gutman et al., 2021] Gutman, G., Skakun, S., and Gitelson, A. (2021). Revisiting the use of red and near-
infrared reflectances in vegetation studies and numerical climate models. Science of Remote Sensing,
4:100025.

[Hossain and Dev, 2026] Hossain, M. Y. and Dev, S. (2026). End-to-end fusion of rgb and low-resolution nir
for enhanced crop-specific nir generation. Computers and Electronics in Agriculture, 248:111582.

[Hossain et al., 2025] Hossain, M. Y., Rakib, M. M. H., Pakrashi, A., and Dev, S. (2025). Towards efficient
spectral translation: A lightweight image-to-image model for rgb-to-nir conversion. In 2025 18th Interna-
tional Congress on Image and Signal Processing, BioMedical Engineering and Informatics (CISP-BMEI),
pages 1–6.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 80 ISBN 978-1-9195641-0-4



[Illarionova et al., 2021] Illarionova, S., Shadrin, D., Trekin, A., Ignatiev, V., and Oseledets, I. (2021). Gener-
ation of the nir spectral band for satellite images with convolutional neural networks. Sensors, 21(16):5646.

[Isola et al., 2017] Isola, P., Zhu, J.-Y., Zhou, T., and Efros, A. A. (2017). Image-to-image translation with
conditional adversarial networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pages 5967–5976.

[Jin et al., 2025] Jin, Y., Park, I., Song, H., Ju, H., Nalcakan, Y., and Kim, S. (2025). Pix2Next: Leveraging
vision foundation models for RGB to NIR image translation. Technologies, 13(4):154.

[Krizhevsky et al., 2012] Krizhevsky, A., Sutskever, I., and Hinton, G. E. (2012). Imagenet classification with
deep convolutional neural networks. Advances in neural information processing systems, 25.

[Kumar et al., 2024] Kumar, T., Brennan, R., Mileo, A., and Bendechache, M. (2024). Image data augmenta-
tion approaches: A comprehensive survey and future directions. IEEE Access, 12:187536–187571.

[Minaee et al., 2021] Minaee, S., Boykov, Y., Porikli, F., Plaza, A., Kehtarnavaz, N., and Terzopoulos, D.
(2021). Image segmentation using deep learning: A survey. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 43(7):1940–1965.

[Picon et al., 2022] Picon, A., Bereciartua-Perez, A., Eguskiza, I., Romero-Rodriguez, J., Jimenez-Ruiz, C. J.,
Eggers, T., Klukas, C., and Navarra-Mestre, R. (2022). Deep convolutional neural network for damaged
vegetation segmentation from RGB images based on virtual NIR-channel estimation. Artificial Intelligence
in Agriculture, 6:199–210.

[Rebuffi et al., 2021] Rebuffi, S.-A., Gowal, S., Calian, D., Stimberg, F., Wiles, O., and Mann, T. (2021).
Data augmentation can improve robustness. In Proceedings of the 35th International Conference on Neural
Information Processing Systems, NIPS ’21, Red Hook, NY, USA. Curran Associates Inc.

[Schmitt et al., 2019] Schmitt, M., Hughes, L. H., Qiu, C., and Zhu, X. X. (2019). SEN12MS – a curated
dataset of georeferenced multi-spectral Sentinel-1/2 imagery for deep learning and data fusion. In ISPRS
Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, volume IV-2/W7, pages
153–160.

[Su et al., 2024] Su, J., Luo, Z., Lian, S., Lin, D., and Li, S. (2024). Mutual learning with reliable pseudo label
for semi-supervised medical image segmentation. Medical Image Analysis, 94:103111.

[van Engelen and Hoos, 2020] van Engelen, J. E. and Hoos, H. H. (2020). A survey on semi-supervised learn-
ing. Machine Learning, 109(2):373–440.

[Vescovo et al., 2012] Vescovo, L., Wohlfahrt, G., Balzarolo, M., Pilloni, S., Sottocornola, M., Rodeghiero,
M., and Gianelle, D. (2012). New spectral vegetation indices based on the near-infrared shoulder wave-
lengths for remote detection of grassland phytomass. International Journal of Remote Sensing, 33(7):2179–
2195.

[Xu et al., 2023] Xu, M., Yoon, S., Fuentes, A., and Park, D. S. (2023). A comprehensive survey of image
augmentation techniques for deep learning. Pattern Recognition, 137:109347.

[Zamir et al., 2023] Zamir, S. W., Arora, A., Khan, S., Hayat, M., Khan, F. S., Yang, M.-H., and Shao, L.
(2023). Learning enriched features for fast image restoration and enhancement. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 45(2):1934–1948.

[Zhao et al., 2024] Zhao, G., He, Y., Wang, Z., Wu, H., and Cheng, L. (2024). Generation of NIR spectral band
from RGB image with wavelet domain spectral extrapolation generative adversarial network. Computers and
Electronics in Agriculture, 227:109461.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 81 ISBN 978-1-9195641-0-4



Geo-referenced small object detection in oblique aerial imagery

Paolo Moloney1, Aidan Magee1, Daire Walsh1, Tim McCarthy1, and John McDonald2

1National Centre for Geocomputation, Maynooth University, Co. Kildare Ireland
2Department of Computer Science, Maynooth University, Co. Kildare, Ireland

Abstract

Unmanned Aerial Vehicles (UAVs) are increasingly deployed in emergency response operations, re-
sulting in growing volume and complexity of aerial video which creates a critical situational awareness
bottleneck for incident commanders. We present an end-to-end Geospatial-aware ML framework that fuses
computer vision with terrain-aware geospatial processing to automatically detect, localise, and visualise ob-
jects of interest from drone-borne video streams. The system integrates a scalable ML inference backend,
a terrain-aware geo-positioning pipeline, and a suite of operator-focused visualisation methods, transform-
ing continuous aerial video into structured, geo-referenced intelligence that incident commanders can act
upon without reviewing raw footage. Additionally, we carry out a preliminary performance evaluation strat-
ified by sensor-to-target distance on a small held-out dataset, to characterise the operational envelope of the
system in actionable terms.

Keywords: UAV, aerial object detection, geospatial AI, emergency response, situational awareness

1 Introduction

Time-constrained emergency response operations — wildfires, search-and-rescue, flood assessment — increas-
ingly rely on drone-borne imagery to build situational awareness over terrain that is dynamic, potentially haz-
ardous, and often unfamiliar to first responders. While UAVs provide continuous aerial surveillance at low cost,
their intelligence value is largely unrealised in practice: operators must manually scan hours of video to locate
personnel, vehicles, or structural hazards, creating a critical information bottleneck at exactly the moment when
rapid decisions are most consequential.

Several compounding factors make this a hard technical problem: drone-generated data volumes exceed
what operators can parse in real time, and existing computer vision systems typically lack the geospatial inte-
gration incident commanders need for map- and GIS-based workflows.

This paper presents an end-to-end framework addressing these challenges through three core pillars - Op-
erations, ML & Geospatial Processing, and Visualisation. The primary contribution of the framework is the
integration of established components into a deployable pipeline, together with an evaluation methodology
framed in operationally meaningful terms.

2 Related Work

Oblique aerial imagery is preferred over nadir capture for Search and Rescue (SAR) as an oblique frame covers
a substantially larger ground area, reducing survey passes required. However it presents distinct detection
challenges: altitude leads to reduced pixel footprints for distant objects, and oblique viewing angles introduce
extreme scale variation across and within frames, which are not present in ground-level or nadir imagery.

The VisDrone dataset [Zhu et al., 2021] has become a popular benchmark for this domain, with approxi-
mately two thirds of objects falling under the COCO small category (bounding boxes < 322 px).
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[Akyon et al., 2022] proposes a generic framework for small object detection based on partitioning images
into overlapping patches at both the fine-tuning and inference stages, increasing the relative pixel coverage
of small objects within each patch. During Slicing Aided Fine-tuning (SF), training data is augmented with
resized crops alongside the original images, preserving sensitivity across object scales. During Slicing Aided
Hyper Inference (SAHI), the same slicing strategy is applied to query images, with slice predictions merged
back into the original coordinate space via Non-Maximum Merging (NMM). They find that existing models
can benefit from SAHI without additional fine-tuning, but gains can be maximised by combining with SF.

Converting a 2D detection in the image into a real-world ground location requires resolving where the
camera’s line of sight to that pixel intersects the terrain. The dominant approach is to cast a ray from the
camera’s optical centre using attitude and gimbal telemetry, then intersect with a Digital Elevation Model
(DEM) to recover a ground coordinate. This is validated by [Paulin et al., 2024] in real world SAR scenarios,
and by [Rossi et al., 2025] in thermal hotspot geolocation in wildfire contexts.

3 Methodology

The framework is structured around three pillars - Operations, ML and Geospatial Processing, and Visualisa-
tion. Figure 1 gives a high-level system overview.

Figure 1: End-to-end GeoML pipeline. Video and telemetry are multiplexed via MISB STANAG 4609 KLV
encoding before ingestion by the GeoML FastAPI and NVIDIA Triton for inference. Detections are passed
to the geo-positioning pipeline and geo-observations are displayed by four visualisation modes designed with
incident response in mind.

3.1 Operations

Tight video-telemetry synchronisation is essential for accurate geolocation. We achieve this by encoding video
and telemetry as a single multiplexed stream, following established NATO and defence-imagery standards for
full-motion video (FMV), rather than storing them as separate, independently-timestamped files. For this as-
sessment, video and telemetry data were captured using a DJI Matrice 4E with the wide camera lens, then
preliminarily multiplexed following NATO FMV Standardisation Agreement (STANAG) 4609, and Motion
Imagery Standards Board (MISB) Standard 0601. Video and telemetry synchronisation quality was then as-
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sessed and updated globally with position and attitude offsets before re-encoding as Key-Length-Value (KLV)
metadata within a Video Transport Stream (.ts) format.

The GeoML API is implemented using the FastAPI framework, exposing an interface for inference re-
quests, model management operations, and downstream integration with in-house or third-party visualisation
platforms. Inference is managed by an NVIDIA Triton Inference Server, which executes YOLOv8 models con-
currently across available GPU resources. Triton’s model repository enables hot-swapping of model versions
and independent assignment of model instances to GPUs, enabling multi-mission/-drone deployments. The
entire stack is containerised with Docker, enabling horizontal scaling across available resources.

3.2 ML and Geospatial Processing

3.2.1 ML Pipeline

Object detection is performed by YOLOv8-x [Jocher et al., 2023], targeting two operationally relevant classes:
human and vehicle. The extra-large variant was selected to maximise accuracy within the real-time through-
put budget afforded by the Triton backend. At operational altitudes, subjects occupy only a small frac-
tion of the image plane, causing standard full-resolution inference to miss detections that fall below the
model’s effective receptive field. We apply Slicing Aided Fine-Tuning (SF) and Slicing Aided Hyper Infer-
ence (SAHI) [Akyon et al., 2022] to tile each input frame into overlapping sub-windows, run detection inde-
pendently on each tile, and re-assemble results with class-aware Non-maximum Merging (NMM). Slices are
batched before submission to Triton, recovering some GPU utilisation efficiency that would otherwise be lost
to the smaller per-tile input size and duplicated processing of overlapping regions.

Both models are trained identically except for the use of sliced data augmentation, isolating the effect of
the SF strategy described above; the following details are provided for reproducibility. Two YOLOv8x models
are fine-tuned from the same COCO-pretrained checkpoint (Ultralytics v8.4.0) on the VisDrone-DET training
set [Zhu et al., 2021]. The baseline model (YOLOv8-x) is trained on full-resolution frames comprising 7,944
training images and 448 validation images, containing 108,794 human and 237,531 vehicle annotations. The
SF model’s (YOLOv8-x-SF) training data is augmented with sliced patches: full-resolution training images are
partitioned into 640 × 640 pixel patches with 20% horizontal and vertical overlap, yielding 61,974 training
patches and 2,261 validation patches. The increased annotation counts in the slice-augmented dataset (227,238
human; 501,118 vehicle) reflect object duplication across overlapping patch boundaries. Both models are
trained for 100 epochs, batch size 32, SGD (lr = 0.01, momentum = 0.9). Default Ultralytics YOLOv8 data
augmentation is applied throughout, with mosaic, scale, and perspective augmentation disabled.

3.2.2 Geospatial Pipeline

Retrieving the real-world ground location of a detection involves two steps: first, constructing a ray from the
drone’s camera through the detected pixel, using the drone’s position and orientation; second, finding where
that ray meets the ground, accounting for terrain elevation, Earth’s curvature, and atmospheric refraction. The
following paragraphs describe each step in detail.

We first construct a ray from the frame centre, using the UAV’s location and pose together with
the sensor’s pose relative to the platform, following the Euler angle order of operations defined in
[Motion Imagery Standards Board, 2014]. To account for lens distortion, the camera’s intrinsic parameters
were separately estimated using OpenCV and a chessboard calibration pattern [Zhang, 2000]. Using these in-
trinsics together with the camera’s vertical and horizontal field of view, the 2D pixel coordinates of a detection
are converted into an angular offset from the frame centre, giving the direction of the ray corresponding to that
detection.

Second, the point at which this ray intersects the ground is then found using a Digital Surface Model (DSM),
while also accounting for Earth’s curvature and atmospheric refraction. For simplicity, Earth’s curvature is
approximated using the ellipsoidal radius of curvature R(ϕ, α) in a given azimuth α, following Euler’s formula
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for normal curvature [Torge and Müller, 2012]:

R(ϕ, α) =
M(ϕ) ·N(ϕ)

N(ϕ) cos2 α+M(ϕ) sin2 α
(1)

where M(ϕ) and N(ϕ) are the radius of curvature in the north–south (meridional) and east–west (prime verti-
cal) directions, respectively, at latitude ϕ.

The impact of atmospheric refraction is approximated with an atmospheric refrac-
tion coefficient (k) of 0.13. Combined with the radius of curvature above, the eleva-
tion offset (∆h) of the DSM at a given ground distance from the sensor is given by
[International Telecommunication Union, Radiocommunication Sector (ITU-R), 2017]:

∆h(d, ϕ, α) =
d2

2R(ϕ, α)
(1− k) (2)

where R(ϕ, α) is the azimuth-dependent radius of curvature from Equation 1, k is the atmospheric refraction
coefficient, and d is the ground distance along the ray.

To assess the accuracy of the IFP pipeline, we tracked stationary objects across two flight videos, applying
IFP every 10 frames to each tracked object. The resulting position estimate was compared against the object’s
true location, identified independently in Esri World Imagery, to compute positioning error. Figure 2 shows the
combined results across all 12 tracked objects.

Figure 2: IFP error by distance.

3.3 Visualisation

Even after geo-positioning, the observation stream remains high-dimensional; each detection carries class,
confidence, geographic position, drone position, timestamp, and derived attributes. Presenting this raw stream
directly to an operator replicates the original information overload problem in a different form. We define four
visualisation modes, each reducing the data along a different axis.

The time-centric view (Figure 3a) reduces the video to a one-dimensional activity timeline, allowing oper-
ators to identify periods of high activity without reviewing low-content footage, and jump directly to peaks of
interest.

The space-centric view (Figure 3b) accumulates all detections across the sequence into a per-class density
heatmap overlaid on the base map, making areas of sustained activity immediately legible

The observer-centric view (Figure 3c) displays the drone’s trajectory, colour-coded by detections observed
at each position, with the union of all camera footprints outlined to distinguish surveyed from unsurveyed area.

The observation-centric view (Figure 3d) renders each detection as a selectable, colour-coded marker ex-
posing its class, confidence, and geo-location metadata.
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(a) (b)

(c) (d)

Figure 4: Four complementary visualisation modes for drone-based emergency operations.

4 Experiments

To evaluate the performance of the system on both public benchmarks and custom data, we conduct two com-
plementary evaluations. The first is a standard COCO-style benchmark on the VisDrone Det2019 test dataset,
providing a reproducible comparison against the broader aerial object detection literature. However, standard
COCO size-based stratification into small, medium, and large is of limited value in the aerial domain. In the
VisDrone Det2019 test set, 67.7% fall within the small category, 29.1% are medium, and only 3.2% are large.
The overwhelming dominance of the small category means that APS effectively summarises the vast majority
of objects regardless of the underlying operational scenario. Furthermore, COCO size thresholds are not ac-
tionable for drone operators: a pilot would have difficulty keeping objects above 32 pixels in width, but can be
instructed to fly within 250m. We therefore conduct a second, distance-stratified evaluation on a bespoke held-
out dataset with per-detection distance measurements, which directly characterises the operational envelope of
each model configuration in terms meaningful for mission planning and pilot guidance.

Both evaluations compare performance across two training strategies - YOLOv8-x fine-tuned on complete
full-resolution frames without tiling, and YOLOv8-x-SF fine-tuned on a combination of full-resolution frames
and sliced 640 × 640 patches following the SF strategy recommended by [Akyon et al., 2022]; and three in-
ference modes: Full Inference (FI), in which inference is carried out on unsliced frames; SAHI, in which full
frames are partitioned into 640 × 640 tiles with 20% horizontal and vertical overlap and a class-aware NMM
step resolves overlapping detections across tile boundaries; and FI + SAHI, in which sliced predictions are first
merged via NMM before being combined with full-frame predictions in a second NMM pass. For both experi-
ments, metrics are computed at an IoU threshold of 0.5. FPS is reported as inference throughput, measured on
an NVIDIA RTX 6000 Ada Generation GPU.
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4.1 VisDrone Det2019 Benchmark

Both models are evaluated on the VisDrone Det2019 test dataset under all three inference modes, following
the standard COCO evaluation protocol. VisDrone annotations are remapped to two classes: human (VisDrone
categories 1–2) and vehicle (categories 3–10); ignored regions (score= 0) and the others category (11) are
excluded. This provides a standardised comparison of the effects of training strategy and inference mode on a
widely used aerial detection benchmark.

4.2 Distance-Stratified Evaluation

The distance-stratified evaluation dataset was collected from two flight sequences over a rural area in Ireland
using a DJI Matrice 4E, capturing video at 1920×1080 resolution and 30 FPS. Frames were extracted at 30-
frame intervals, yielding 213 images across 3988 annotated object instances. Ground-truth bounding boxes
were annotated manually, with slant range, i.e. direct diagonal distance not ground distance to the target,
computed per annotation by projecting the bounding box centres using in-frame positioning as described in
Section 3. The dataset distribution is shown in the rightmost column of Figure 5.

For each image, predictions are matched to ground-truth annotations using greedy IoU matching at a thresh-
old of 0.5, with predictions ranked by confidence score. Precision, recall, and AP are computed per image per
band and averaged across images. We report both discrete 100 m bands and cumulative bands of the form
[0, dmax), which show how aggregate performance changes as the distance ceiling is raised. Predictions from
the full image are used as candidates regardless of their own projected distance, since the band assignment
is defined by the ground-truth object rather than filtering predictions by their own estimated range, treating
distance as a known measurement.

5 Results

5.1 VisDrone Det2019 Benchmark

Model AP50 APS APM APL ARS ARM ARL FPS

YOLOv8-x + FI 0.459 0.172 0.482 0.626 0.209 0.544 0.685 90.51
YOLOv8-x + SAHI 0.447 0.190 0.365 0.263 0.250 0.423 0.304 24.53
YOLOv8-x + FI + SAHI 0.479 0.178 0.428 0.529 0.238 0.509 0.634 18.76

YOLOv8-x-SF + FI 0.456 0.160 0.510 0.729 0.194 0.571 0.792 86.33
YOLOv8-x-SF + SAHI 0.587 0.256 0.531 0.609 0.312 0.598 0.691 20.37
YOLOv8-x-SF + FI + SAHI 0.551 0.213 0.509 0.621 0.270 0.582 0.717 15.03

Table 1: Mean COCO metrics averaged across all distance bands and classes, with inference throughput (FPS)
measured on NVIDIA RTX 6000 Ada Generation.

Table 1 reports COCO detection metrics on the VisDrone Det2019 test set. YOLOv8-x-SF + SAHI achieves
the strongest overall performance, attaining the highest AP (0.587), APS (0.256), APM (0.531), ARS (0.312),
and ARM (0.598), demonstrating that sliced fine-tuning combined with sliced inference is the most effective
configuration for this domain.

Full-frame inference consistently yields higher APL and ARL, which is expected given that sliced inference
is not optimised for large objects. The combined FI + SAHI mode improves over full-frame inference alone on
AP but falls short of SAHI-only across most metrics.

Throughput varies substantially across inference modes: full-frame inference achieves approximately 86
FPS, while SAHI reduces this to around 20 FPS due to the overhead of slicing and NMM post-processing.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 87 ISBN 978-1-9195641-0-4



5.2 Distance-Stratified Evaluation

Figure 5: Mean detection performance per distance band at IoU = 0.5, averaged across Human and Vehicle
classes.

Figure 5 shows precision, recall, and AP stratified by slant range in 100 m discrete bands and cumulative
bands up to 1 km.

Because ground-truth slant range is itself derived from the IFP pipeline rather than measured independently,
the distance axis inherits IFP positioning error (up to approximately 25 m, Figure 2) rather than being an exact
reference. Relative to the 100 m discrete bin width used in Figure 5, this error is large enough to shift the band
assignment of detections near a bin boundary, but by no more than one band, while detections near bin centres
are effectively unaffected. We therefore expect the reported per-band metrics to be subject to some boundary
blur rather than systematic bias, and interpret the cumulative bands in Figure 5, which are less sensitive to
single-band reassignment, as the more robust indicator of the operational envelope.

Across both model families, SAHI inference consistently improves recall beyond approximately 200 m,
consistent with [Akyon et al., 2022]: at ranges where vehicles subtend only a small fraction of the full frame,
localised slice-level context improves sensitivity relative to full-frame inference. This recall gain comes at the
cost of precision on near-field objects, the expected fragmentation effect whereby large nearby objects span
multiple slices, producing overlapping predictions not fully suppressed by NMM postprocessing.

The combined inference mode FI + SAHI, which applies NMM first to slice predictions and then merges
with full-frame predictions in a second pass, does not substantially improve near-field precision over SAHI
alone, suggesting the fragmentation effect persists across both NMM stages. The discrete band plots show a
recall dip at medium range (300–500 m) and recovery at longer distances, which may reflect performance being
dominated by a small number of salient objects at long range.

We note that both the distance-stratified evaluation and the IFP error validation underpinning it are based
on limited data: 213 images from two flight sequences at a single site, and IFP error estimated from only 12
tracked objects. The trends reported above should therefore be considered preliminary; a larger and more varied
evaluation dataset would be needed to establish firm conclusions.

Peak RAM usage is uniform across all three inference modes at ~1600 MB, whereas sliced inference
showed an increase in peak VRAM usage (~2260 MB vs. ~450 MB at batch size 16).
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6 Conclusion

We have presented a framework that addresses the situational awareness bottleneck in drone-supported emer-
gency response. The VisDrone benchmark confirms the benefits of slicing at both training and inference time,
with YOLOv8-x-SF + SAHI the most effective configuration. Our preliminary distance-based evaluation sug-
gests a detection range of approximately 500 m and shows that SAHI consistently improves recall and precision
as distance increases, offering an initial characterisation of the operational envelope for mission planning.

The four visualisation modes offer a principled decomposition of the high-dimensional observation stream,
each targeting a distinct operator query pattern: when was activity observed?, where is it concentrated?, what
area did the drone cover? and what is this object doing?

Future work will prioritise dataset quality and coverage as a prerequisite for validating the operational
envelope with respect to extended conditions such as smoke/haze, low-light, and differing UAV and sensor
platforms. In the longer term, geo-coded annotations will address the gap between existing datasets and real
deployments, exploring combined visual and spatial tracking and re-identification, and behaviour and anomaly
detection to extract higher-order intelligence from data.
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Abstract

Object geolocation from street-level imagery under weak supervision is challenging due to noisy detec-
tions and the absence of bounding-box annotations. This work addresses this task via a similarity-augmented
MRF framework that integrates visual consistency into geometry-driven multi-view triangulation. Starting
from weakly supervised object detection, this formulation enforces both visual and geometric consistency
across paired views to estimate object locations. To discourage visually inconsistent configurations, a Siamese
network is trained to estimate pairwise visual similarity. Label noise introduced by weak supervision is ad-
dressed using a Beta-distribution–based filtering strategy during Siamese training. We also propose a novel de-
terministic optimizer for the MRF model that significantly reduces computational requirements and improves
reproducibility. Experiments on real-world street-level datasets from Amsterdam and Dublin demonstrate con-
sistent improvements in precision, recall, and localization error over a geometry-only baseline. The implemen-
tation of our method is available at https://github.com/waqar3411/Similaity_Aug_MRF.

Keywords: Siamese networks, Beta distribution, object geolocation, image similarity, street-level imagery

1 Introduction

Accurate geolocation of roadside objects from street-level imagery is essential for applications such as urban
mapping, infrastructure monitoring, and autonomous navigation. Unlike image-level geolocation, object-level
geolocation requires estimating precise real-world object coordinates from multiple views under significant
uncertainty in depth, bearing, and appearance. Weakly supervised detectors [1] further amplify this challenge by
producing uncertain object locations that generate excessive amounts of low-confidence triangulation candidates.
Recent work has therefore shifted toward geometry-driven multi-view inference under weak supervision, where
object locations are estimated from noisy geometric cues [2]. While video-based and track-driven approaches
improve stability by exploiting temporal continuity [3], they inherently assume ordered observations and reliable
tracking assumptions that do not hold in large-scale, crowdsourced image datasets.

Classical learning-based cross-view geolocation estimates camera locations by matching ground-level images
to georeferenced aerial or satellite imagery using learned metric representations [4–6]. While effective, these
methods rely on strong appearance cues and dense georeferenced databases, making them impractical for object-
level localization of custom roadside assets. Beyond purely geometric formulations, recent works [7, 8] explore
joint object association and localization in 3D using tracking and graph-based reasoning. Such approaches rely
on dense image streams and strong calibration, limiting their applicability to sparser street-level imagery. Recent
foundation models such as Segment Anything Model (SAM) and DINO-based methods can improve object
localization and visual feature extraction, while DUSt3R [9], and VGGT [10], can support depth estimation and
multi-view reconstruction. However, their use for globally geolocating roadside objects from sparse views with
uncertain cross-view associations remains underexplored.

More recently, GNNs have been adopted to explicitly model relational structure among views, objects, or
observations, enabling learned aggregation of geometric and contextual cues [11]. Nassar et al. [12] formulate
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localization as a graph inference problem, in which spatial relationships among observations are encoded as
edges and refined via message passing to improve global consistency. While effective in structured settings,
most graph-based approaches require dense supervision or explicit object grouping.

In contrast, purely geometric triangulation-based approaches are prone to failure under dense view coverage,
where accumulated measurement uncertainty and ambiguous geometric configurations degrade localization
accuracy. To address this, object geolocation is formulated as an energy minimization problem within an
MRF, enforcing multi-view geometric consistency through unary and pairwise terms [13]. While effective,
this formulation relies primarily on geometric cues, which limit its ability to suppress visually inconsistent yet
geometrically plausible configurations in weakly supervised settings. Under weak supervision, MRF-based
triangulation groups detections into view pairs that may include both true multi-view observations and spurious
pairs arising from false positives [2]. Since both satisfy geometric constraints, geometry alone is insufficient.

In our work, we integrate visual consistency into the MRF framework. Specifically, we train a Siamese
network to estimate pairwise visual similarity and propose a novel Beta-distribution–based filtering strategy to
remove visually inconsistent pairs during training. The resulting similarity scores are incorporated as an additive
energy term in the MRF, penalizing unreliable configurations. We introduce a novel deterministic optimizer for
the MRF model that significantly reduces computational requirements and boosts reproducibility. Experiments
with real-world street-level imagery demonstrate consistent improvements in object geolocation accuracy.

2 Methodology

This work proposes a noise-aware geolocation framework that improves the performance of multi-view tri-
angulation under weak supervision. The proposed method retains weakly supervised object detection and an
MRF-based triangulation framework, while explicitly addressing false positives introduced by weak supervision
via similarity-driven noise filtering, as shown in Fig. 1. A learned image similarity term is incorporated into the
MRF inference at the inference stage to enhance robustness and geolocation accuracy; see Fig. 2.

In the absence of bounding-box annotations, we adopt the weakly supervised detection and MRF-based
geolocation pipeline presented in [2], corresponding to Parts A and B of Fig. 1. Although this framework enables
scalable roadside object detection and geolocation, it inevitably produces false-positive detections. Some of these
false positives may satisfy the geometric constraints of the MRF and form apparently valid multi-view pairs,
leading to incorrect triangulations and reduced geolocation accuracy. To address this limitation, the multi-view
image pairs generated by the MRF are processed using the similarity-learning framework shown in Fig. 1C. A
Siamese network extracts feature representations from each image pair and computes their cosine similarity.
Since the generated pairs may contain incorrect cross-view associations, the similarity scores are modelled using
a two-component beta-mixture distribution to identify and remove noisy pairs. The resulting filtered dataset
is then used to train the noise-aware similarity model. The trained weakly supervised detection and similarity
models are then employed at inference (Fig. 2) for similarity-augmented roadside object geolocation.

2.1 Noise filtering

To address the presence of invalid view pairs, we employ a Siamese network to learn similarity-based relevance
between image pairs. The network consists of two weight-sharing CNN branches for visual feature extraction,
followed by a fully connected neural network (FCNN) that serves as the classification head. The candidate
image pairs generated by the MRF-based geolocation framework are subsequently used to construct the training
data for the similarity estimation task. The training data is divided into positive pairs (class 1), formed from
images associated with the same object, and negative pairs (class 0), formed from images of different objects.
Due to detection noise, the positive class inherently contains both clean pairs corresponding to true multi-view
observations and noisy pairs arising from false detections.

Each image pair (vi , v j ) is passed through two weight-sharing branches of the network, producing deep
feature embeddings f (vi ) and f (v j ). The cosine similarity si j between the embeddings is computed as:
sim(x, y) = x · y/(∥x∥∥y∥), where, si j ∈ [0,1]. To distinguish between genuine and noisy image pairs within
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Figure 1: Proposed training pipeline: (A) weakly supervised object classification and Grad-CAM–based
localization, (B) MRF-based triangulation to generate multi-view image pairs, and (C) Siamese similarity
learning with Beta-mixture filtering.

class 1, we model the distribution of similarity scores using a two-component Beta mixture model, defined as

p(s) =ω Beta(s | a1,b1)+ (1−ω) Beta(s | a0,b0), (1)

where Beta(·) denotes the Beta probability density function. The component ω Beta(s | a1,b1) captures high-
similarity, visually consistent image pairs, while (1−ω) Beta(s | a0,b0) models low-similarity pairs corresponding
to noisy or mismatched observations. We adopt the Beta distribution for this task because the similarity scores
are naturally constrained to the interval [0,1]. Moreover, its flexibility allows it to model a wide range of
distributional shapes, including uniform, skewed, and unimodal forms, making it an appropriate choice for
characterizing the unknown similarity distributions associated with both genuine and noisy pairs.

The mixture parameters (ak ,bk ,ω) are estimated using the Expectation-Maximization (EM) algorithm,
which is well-suited for mixture models with latent component assignments. EM alternates between estimating
posterior probabilities and updating the mixture weights and Beta parameters. This iterative nature enables stable
convergence despite overlapping components. More complex alternatives, such as stochastic or simulation-based
Bayesian methods, are unnecessary in our setting due to the reliable convergence of the standard EM formulation.
The EM algorithm follows the following two alternating steps to estimate and update the mixture parameters:
E-step: Given the current parameter estimates, we compute the posterior probabilities for any si as:

γ0(si ) = ω0Beta(si ; a0,b0)

ω0Beta(si ; a0,b0)+ω1Beta(si ; a1,b1)
, (2)

where ω0 and ω1 = 1−ω0 denote the mixture weights. The posterior probability of the second mixture component
is obtained as the complement of the first, i.e., γ1(si ) = 1−γ0(si ).
M-step: Using the posteriors from the E-step, samples are assigned to the component with the higher posterior
probability, i.e., argmaxk γk (si ). The shape parameters of each Beta component are then updated via maxi-
mum likelihood estimation as (ak ,bk ) =MLEBeta

(
{si | γk (si ) ≥ 0.5}

)
, k ∈ {0,1}, where MLEBeta(·) denotes Beta

parameter estimation from the assigned samples.
Starting from a trivial initialization, the parameters αk and βk are refined iteratively. The mixture weight ωk ,

which represents the current estimate of the proportion of samples associated with component k, is updated at
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Figure 2: Inference pipeline: object detection and localization, triangulation-based view pairing, Siamese
similarity estimation, and final geolocation using a similarity-augmented MRF.

each iteration, based on the posterior probability. Specifically, it is computed as:

ωk = |{si | γk (si ) ≥ 0.5}|
|D| , k ∈ {0,1} (3)

where |D| denotes the total number of samples, this update reflects the fraction of the dataset currently attributed
to each mixture component.

The proposed training strategy alternates between similarity learning and noise filtering. We first train the
Siamese network for K epochs to learn an initial similarity representation from the full dataset. Subsequently,
the noise filtering procedure is applied to identify and remove unreliable pairs, and the network is fine-tuned
on the filtered dataset for an additional K epochs. This staged fine-tuning, both before and after noise filtering,
helps ensure that hard positive examples are learned by the model rather than incorrectly removed as noisy pairs.
This alternating process of filtering and fine-tuning is repeated iteratively for C cycles. Training is terminated
once the estimated proportion of filtered samples, ωk , falls below a predefined threshold of 2%, and the final
fine-tuned model is retained for evaluation.

2.2 Loss functions

The detection network is trained as a binary classifier using the BCE loss LC E . For similarity learning, a Siamese
network is optimized with a joint loss comprising classification and metric objectives. The FCNN classification
head is supervised using the cross-entropy loss LC E , while the shared CNN embeddings are regularized using a
contrastive loss (LC ),

LC = 1

N

N∑
i=1

[
yi d 2

i + (1− yi )max(0,m −di )2] , (4)

and cosine embedding loss (LCOS),

LCOS = 1

N

N∑
i=1

{
1−cos(xi ,yi ), yi = 1,

max(0,cos(xi ,yi )−m), yi = 0,
(5)

where di denotes the Euclidean distance between embeddings (xi ,yi ) and m is the margin parameter.
The overall Siamese training objective is given as a weighted sum of the three contributing losses with a

single weight: Ltotal =LC E +λLCOS + (1−λ)LC .

2.3 Information fusion with MRFs

Object detections in images combined with the image metadata are used to construct rays (in 2D) that originate
at the camera’s GPS coordinates (assumed identical to the camera center). The camera’s viewing direction is
obtained from the heading provided in the image metadata, while the object’s position in the image is used to
calculate its final bearing. The bearing (direction of the ray) is selected towards the middle of the segmented
object. The rays create a 2D graph with nodes formed by the intersections of these rays. Edges are established
between nodes on the intersected rays. An MRF model is employed to estimate binary decisions (zi ∈ {0,1})
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indicating the presence of the object of interest at a particular node i [13]. The MRF energy of a node zi is
governed by two geometric unary terms and one pairwise term. We extend this formulation by introducing an
additive unary term u2, which incorporates visual information by rewarding or penalizing a node based on the
Siamese similarity of the two views that generate it. Thus, the total energy is defined over all NZ nodes as:

U (z) =
NZ∑
i=1

2∑
j=0

α j u j (zi )+ (1−
2∑

j=0
α j )

NZ∑
i=1

NZ∑
j=1

p
(
zi , z j

)
(6)

The first unary term penalizes the discrepancy between the distance from the camera to the node estimated
with monocular depth CNN (∆i j ) and with triangulation (di j ): u1(zi ) = zi

∑
j=1,2 ∥∆i j −di j∥. The u0 unary

term promotes inclusion of terms on any ray R and is inversely proportional to the number of intersections on
the ray: u0(zi ) = −zi /(

∑
xn∈R 1). The presence of this term ensures that the minimum energy is not reached

on the empty configuration zi = 0 for all i . The pairwise term penalizes distances between any two nodes
simultaneously active on any view-ray R: p(zm , zn) =∑

xm ,xn∈R zm zn∥xm −xn∥, where xi is a GPS position of
node controlled by state zi . The similarity unary term u2 penalizes nodes generated from visually inconsistent
view pairs: u2(zi ) = zi (1− si ), where si ∈ [0,1] denotes the similarity score predicted by the Siamese network.
Nodes supported by visually consistent views (si ≈ 1) incur minimal penalty, while intersections formed by
visually dissimilar views are penalized, thereby suppressing spurious nodes that are geometrically admissible
but visually inconsistent. The contributions of the terms are governed by αi ∈ [0,1),

∑
αi < 1.

The state z = {zi }i=1,··· ,NZ
that minimizes the energy U (Eq. 6) is computed using the Quadratic pseudo-

Boolean optimization (QPBO) algorithm [14], which is based on graph-cut optimizations. QPBO has two
substantial advantages over the original Simulated Annealing-based optimization proposed in [13]: firstly, the
optimization result is deterministic, which avoids the need to rerun the procedure multiple times to arrive at an
averaged (stable) field configuration. Secondly, the procedure has predictable complexity and is fast. The use of
QPBO is possible by eliminating the higher-order penalty terms originally used in [13], which did not allow
energy function composition compatible with this type of optimization. Specifically, the stand-alone penalty
term u3 used in [13] has been replaced by the unary term u0 (Eq. 6). The pairwise term is supermodular [14],
but the number of such terms is relatively small, and empirically allows for optimal state assignments to all
graph nodes using the QPBO/QPBOP algorithm.

3 Datasets and Experimentation

3.1 Dataset Description

Although several multi-view object geolocation datasets have been proposed, no widely accepted benchmark
or evaluation protocol exists [15]. Existing results remain dataset- and implementation-specific, while relevant
datasets such as Pasadena Multi-View [12] are not publicly accessible. Here, we employ two publicly available
street-level datasets from Dublin and Amsterdam, using public waste bins as the target objects, to support future
comparisons.
Dublin. street-level images are obtained via the Mapillary API 1, selecting only images flagged as containing
wastebins. Public street furniture data from the Smart Dublin bins dataset 2 is used for spatial supervision:
images within a 15 m radius of DCC bin locations are labeled as class 1 (9,900 images), while class 0 samples
are selected from images located 30-100 m away from any bin. All images are resized to 1500×900. We evaluate
on two test sets from Mapillary and the DCC dataset, covering 2.7 km of roads with images sampled every 3 m,
six 68.77◦ views per location.
Amsterdam. Panoramic images are obtained via the Mapillary API, restricted to city-provided panoramas
flagged as containing wastebins and captured with a fixed north-facing orientation (0◦). The ground-truth
locations of wastebins are obtained from the OSM API 3 and used to associate panoramas with object positions.

1Mapillary: https://www.mapillary.com
2Smart Dublin: https://data.smartdublin.ie/dataset/dcc-public-bin-locations
3OpenStreetMaps: https://www.openstreetmap.org
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Table 1: Geolocation performance on the Amsterdam and Dublin datasets against MRF [13]
Dataset Method Precision (%) Recall (%) Error (m)

Amsterdam
MRF 64.25 79.9 2.54

Similarity-Aug. MRF 68.2 86.1 1.87

Dublin (Mapillary)
MRF 66.21 80.3 2.51

Similarity-Aug. MRF 71.4 87.1 1.52

Dublin (DCC)
MRF 65.1 80.8 2.38

Similarity-Aug. MRF 72.8 87.9 1.49

Table 2: Classification results on the Amsterdam dataset
Model Precision (%) Recall (%) F1-score (%) Accuracy (%)

ResNet-34 94.7 88.2 91.3 92
ResNet-50 95.81 89.10 92.33 93.1
Resnet-101 93.1 88 90.47 92.4

A total of 4,100 panoramas (8000×4000) are split into 2000×2000 sub-images and labeled using Mapillary
masks, yielding 20,000 samples, of which 85% are used for training and 15% for testing.

3.2 Training Setup

The training follows a two-stage setup comprising weakly supervised object detection and Siamese-based
similarity learning, with MRF-based geolocation performed at inference time.
Backbone architectures. ResNet-50 is used as the primary image classification backbone, with Grad-CAM
employed to localize the object within each image. MobileNetV2 is adopted as the backbone feature extractor in
the Siamese architecture due to its proven effectiveness in metric learning-based similarity estimation [16].
Implementation details. All models are implemented in PyTorch and trained on an NVIDIA Titan X GPU (12
GB). The detection network is trained for 20 epochs using Adam with a batch size of 8 and a step learning-rate
scheduler (step size 5, γ= 0.1). For similarity learning, the Siamese network employs a MobileNetV2 backbone
with an FCNN head (512,512,256,128), batch normalization and ReLU activations, and dropout (0.3) applied to
the final two layers. Training uses the Adam optimizer with an initial learning rate of 10−3, a batch size of 32,
and a learning-rate decay every 5 epochs. Optimization alternates between Siamese training and Beta-based pair
filtering, with K ∈ [3,7] epochs per cycle until validation accuracy stabilizes, and terminates when the estimated
noisy-pair ratio ωk falls below 2%. The combined loss is optimized with λ= 0.45, identified via a grid search.

3.3 Results Analysis

We report results for weakly supervised object detection and geolocation on the Dublin and Amsterdam datasets,
including impact analysis of Beta-distribution-based noise filtering.
Object detection performance. ResNet-34, ResNet-50, and ResNet-101 are evaluated for image classification
on the Amsterdam dataset. As shown in Table 2, ResNet-50 achieves the best overall performance, with 95.81%
precision, 89.10% recall, and 93.1% accuracy, and is therefore selected as the primary classification backbone.
Using the selected ResNet-50 backbone, classification performance across all test sets is reported in Table 3. On
the Amsterdam dataset, the model achieves 95.81% precision, 89.10% recall, and 93.1% accuracy. Comparable
performance is observed on the Dublin datasets, with 93.1% precision, 87.2% recall, and 92.8% accuracy on
Dublin (DCC), and 94.21% precision, 89.0% recall, and 93.0% accuracy on Dublin (Mapillary). This indicates
that the detection model generalizes well across cities and data sources, providing reliable geolocation.
Effect of noise filtering. We next analyze the effect of the proposed Beta-distribution–based noise filtering on
image pairs generated after detection and MRF-based triangulation. Approximately 8.5% of pairs are filtered
in the Dublin dataset and 12.3% in the Amsterdam dataset, reflecting greater visual ambiguity in panoramic
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Table 3: Classification results with Resnet-50 architecture
Test Set Precision (%) Recall (%) F1-score (%) Accuracy (%)

Amsterdam 95.81 89.10 92.33 93.1
Dublin (DCC) 93.1 87.2 90.05 92.8
Dublin (Mapillary) 94.21 89 91.53 93

Figure 3: Filtered image pairs after Beta-distribution-based denoising in Dublin (top) and Amsterdam (bottom)

imagery (Fig. 3). In the absence of ground-truth pair labels, manual inspection indicates that about 85% of the
removed pairs correspond to genuine mismatches. During inference, the pretrained Siamese network consistently
assigns low similarity scores to the filtered pairs, confirming the effectiveness of denoising.
Geolocation performance. We now evaluate the geolocation performance of the proposed framework on
the Amsterdam and Dublin datasets. At inference, images are processed by the pretrained detection model,
triangulated to generate admissible intersections, and refined using similarity scores from the Siamese network.

Table 1 reports the geolocation results in terms of precision, recall, and absolute localization error. Compared
to the baseline MRF, incorporating similarity cues consistently improves performance: on the Amsterdam dataset,
precision increases by 4% and recall by 6.2%, while the mean localization error is reduced by 0.7 m; similar
trends are observed on the Dublin datasets. These results show that integrating similarity-aware filtering into the
MRF effectively suppresses spurious intersections arising from noisy detections, leading to higher precision and
recall and substantially lower localization error. Overall, the proposed similarity-augmented MRF yields more
robust and accurate geolocation across three diverse datasets. The QPBO solver for MRF reduces computational
complexity by an order of magnitude and yields deterministic, and therefore reproducible, geolocation results.

4 Conclusion

This work presents a similarity-augmented MRF framework for object geolocation under weak supervision. By
integrating Siamese-based visual similarity into a geometry-driven triangulation model and mitigating label
noise via Beta-distribution–based filtering, the proposed method effectively suppresses false-positive detections.
We deploy a new deterministic optimizer for MRF, resulting in more stable and computationally feasible
results. Experiments on real-world street-level datasets from Amsterdam and Dublin show consistent gains in
precision, recall, and localization accuracy over a geometry-only MRF baseline. Future work will focus on joint
optimization of detection and similarity learning.
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Abstract 

This paper presents proof of concept for a novel traffic light control system which reduces average 
waiting times along with vehicle emissions.  Cameras monitor arriving vehicles and pedestrians on all roads 
leading to the junction, arrival times are predicted, and these are used to change the traffic lights in favour 
of an approaching vehicle if there is no contention (i.e. no other vehicle or pedestrian approaching from 
another direction). 

 
Keywords: Computer Vision Application, Vehicle and pedestrian detection, Optical Flow Estimation  

1 Introduction  
While some research has been performed on optimising traffic flow at busy junctions, very little consideration has 
been given to junctions with sparse traffic flows and little consideration seems to have been given to pedestrians.  
The work presented in this paper considers junctions with relatively small amounts of traffic, and also considers 
pedestrians when deciding how to set the traffic lights.  The system tracks all vehicles and pedestrians on all roads 
and pavements leading to the junction and predicts their arrival times.  Based on these estimates, in low traffic 
volume situations, the traffic lights at the junction can be set to prioritise the first vehicle/person to arrive at the 
junction, in this way eliminating unnecessary slowing/stopping time.  In higher volume traffic situations the traffic 
lights can operate in the normal fashion. 

2 State of the Art 
A number of technologies exist for monitoring traffic, the main ones being inductive loops, video imaging and 
microwave radars.  Inductive loop sensors consist of a coil which is excited by an oscillator, this causes it to generate 
a magnetic field in its surrounding area, this magnetic field resonates at a constant frequency which is monitored by 
an electronic detector. However, due to the nature of how inductive loops work, they are incapable of detecting the 
presence of pedestrians and as they are usually placed about 2 meters from the stop line they cannot be used to 
predict arrival times.. Microwave radars can detect vehicles and pedestrians, and are robust against lighting and 
weather variations. However, they are unable to detect stopped objects, which can be problematic in traffic-centric 
applications [Bernas et al., 2018]. 

Video imaging has been used extensively in traffic detection; for example, used to detect vehicles, count 
traffic flow to detect when vehicles break red lights, etc.  [Guo et al., 2019] proposed a reinforcement learning based 
approach to traffic signal control at urban intersections, using SUMO to simulate different traffic patterns and 
junctions to improve waiting times.  [Osman et al., 2017] describe a system for using cameras to determine traffic 
density on roads leading to a junction.  The cameras have precalculated viewing angles and while the system is 
intended to optimise the amount of waiting time, this is specifically aimed at busy junctions, but no consideration 
is given to pedestrians.  [Abbas et al., 2024] describe a system with high accuracy at vehicle detection under varying 
conditions and alter the green signal duration based on traffic volume.  Again this system is targeted at high volume 
roads and no consideration is given to pedestrians. 

The demand for adaptive traffic control systems is rising due to the increasing number of vehicles worldwide.  
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As of 2022 the SCATS system held the largest market share.  SCATS uses information from vehicle detectors 
located in each lane at the stop line to adjust signal timings in response to variations in traffic demand and system 
capacity. It does not perform network-wide optimization but instead acts as a heuristic feedback system, adjusting 
timings based on changes in traffic flow from previous cycles [Hodgkiss and Ta, 2020]. While SCATS can reduce 
delays in low-traffic conditions, its reliance on data from prior cycles rather than the current moment means its 
response is not truly real-time, which can limit effectiveness when conditions change suddenly.  

Pedestrian considerations are rare in adaptive traffic control research. In the survey by [Qadri et al., 2020], 
the authors note that most studies focus on traffic signal timings and their effects on vehicle delay and emissions, 
with little attention to pedestrian needs. One example is the work by [Yu et al., 2017], which models pedestrian 
delays under high pedestrian demand and unsaturated vehicle traffic, factoring in crossing type and vehicle behavior. 
However, this work only optimizes static signal timings based on historical data and does not incorporate real-time 
pedestrian or vehicle data.  

3 Video Processing 
We use cameras looking at each road approaching the junction, and in each video feed identify road areas and 
pavement areas, identify vehicles and pedestrians approaching the junction and then predict when they will arrive 
so that the traffic light can be changed/set optimally. 

3.1 Identifying road and pavement regions 
Cameras mounted on the traffic lights at intersections can 
view a specific area of roadway and pavement.  To detect 
vehicles, cyclists and pedestrians approaching the 
intersection YOLOv8 is used.  However, stationary 
vehicles parked near the intersection can be mistakenly 
classified as approaching traffic, and vehicles traveling in 
the opposite direction may also trigger false positives 
when determining vehicles that are relevant to the current 
signal phase.  To remedy this, Farnebäck dense optical flow algorithm is used to estimate the motion of each detected 
object between consecutive frames. 

The detected vehicles and pedestrians are accumulated over a set period of time to generate a heatmap of 
active road and pedestrian areas, following the generation of the heatmap, thresholding is applied to this heatmap 
to define Regions of Interest for the road and pavement. 
Thresholding is performed by discarding all road and 
pedestrian regions with values below the median for 
vehicles and pedestrians, respectively, on their heatmaps 
(See Figure 1). This helps remove one-off detections, 
such as vehicles backing out of driveways or pedestrians 
crossing the road at undesignated areas.  Note that 
whether a bicycle is treated as a vehicle or a pedestrian 
depends on whether it appears on the road or on the 
pavement (See Figure 2). 

3.3 Predicting arrival times at the junction 
To estimate the time remaining before a vehicle reaches the intersection, a Long Short-Term Memory (LSTM) 
neural network is used.   For the use-case of traffic, vehicular motion across frames can be considered as sequential 
where small variations in velocity or position may indicate acceleration or deceleration.  The model is trained using 
a sequence of 5 consecutive frame-wise feature vectors collected for each tracked vehicle, consisting of the bounding 
box location, the velocity of the bottom right corner together with the width & height of the bounding box.  Each 

Figure 1: Regions identified for vehicles (on the left 
in red) and for pedestrians (on the right in blue). 

Figure 2: Whether a bicycle is treated as a vehicle 
or a pedestrian depends on whether it appears on 

the road or the pavement. 
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input sequence corresponds to a unique vehicle, and the output is a single scalar: the number of frames remaining 
before the vehicle reaches the intersection.  See Figure 3.  The predicted arrival time for a pedestrian should be 
computed in a similar manner although probably over a longer number of frames, or by reducing the frame rate (as 
pedestrian exhibit slower and jerkier motion, relative to vehicles). 

3.4 Evaluation 
Our dataset for testing consisted of a 20-minute test video 
which was split into two parts.  80% was used for training 
and 20% for testing.  The prediction of when the vehicles 
would arrive at the junction was compared with the actual 
arrival times.  The mean average error was 20 frames 
(equivalent to 0.66s). 

4 Traffic Simulation 
Testing the system in a real-world traffic intersection 
poses significant safety risks since it involves altering 
real traffic lights. Hence to evaluate the effectiveness of 
the proposed methodology, a simulation based approach 
is adopted. Since the proposed system focuses on 
predicting the precise arrival time of detected vehicles 
and dynamically adjusting the traffic signals, it requires 
fine-grained analysis on an individual vehicle level.  We 
make use of the Simulation of Urban Mobility (SUMO) 
model to simulate the behaviour and motion of individual 
vehicles in terms of position, speed and acceleration 
[Lopez et al., 2018]. 

4.1 Intersection Design 
A custom intersection was designed in SUMO which consisted of a crossroads (where four roads meet together).  
Each road has two-way traffic, designated cycle lanes and a pedestrian crossing at the intersection.  To simulate the 
prediction model (indicating when vehicles will arrive at the junction), SUMO's Traffic Control Interface (TraCI) 
is used. This provides the distance to the intersection and the speed of each vehicle which can used to predict arrival 
times.  A similar approach is used to detect the presence of pedestrians. 

Vehicles are introduced into the simulation dynamically using a stochastic process that introduces variability 
in both the route choices and the departure intervals.  For each vehicle, a random route is selected from the 12 
possible routes (as vehicles come along 1 road out of 4 and may continue through the junction in 1 of 3 ways) and 
a departure time is based on a Gaussian distribution with a set mean interval and standard deviation of 5 seconds. 
To examine how the system performs across varying traffic intensities, the mean interval is varied across 
experiments to range from 1 to 18 seconds, effectively simulating traffic flow rates from 3 vehicles/minute to 60 
vehicles/minute. This allows for the analysis of how congestion and emissions react to varying traffic conditions. 

4.2 Default System 
In order to observe the effects of the adaptive traffic light system, the generated traffic was also tested by using a 
standard timer based schedule. This default schedule assigns predetermined green, yellow and red light durations, 
while yellow light durations were kept consistent across both adaptive and the default schedule, the green and red 
light timings for the static schedule were determined using experimental evaluation to ensure a reasonable timing 
was set according to low traffic scenarios. For the simulated intersection used in this study, the most optimal static 
timings were found to be 20 seconds of green for each pair of parallel lanes, followed by 20 seconds for all four 

Figure 3: Changing predictions for the number of 
frames for the lead car to the traffic lights (90 

frames to the traffic lights in the left image, and 36 
frames to the traffic lights in the right image). 
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pedestrian crossings  

4.3 Evaluation 
SUMO can observe each vehicle in the simulation at a 
granular level, which allows for the extraction of detailed 
performance metrics such as individual and aggregated 
waiting times (i.e. the total duration a vehicle remains 
stationary due to red lights or congestion).  The total 
combined waiting time of all vehicles passing through the 
intersection is calculated for each simulation run. The set 
of vehicles, their routes and frequency remain consistent 
across experiments when making comparisons to ensure 
a fair evaluation.  See Figure 4. 

5 Conclusions 
This paper has presented a proof of concept for traffic lights with sparse traffic flow, demonstrating separately that 
vehicular and pedestrian traffic can be located visually and that by predicting when that traffic will arrive at the 
junction, average waiting time along with emissions can be significantly reduced.  Where the number of vehicles 
per minute was less than 7 the average waiting time dropped by more than 50% while at the same time emissions 
dropped by more than 20%. 
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Figure 4: Comparison of the default traffic light 
control system vs. our adaptive system in terms of 

absolute average waiting time. 
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Abstract 

This paper presents initial work on the development of a novel computer vision-based tool to 
automatically detect the distance between a cyclist and a passing vehicle from a camera on another vehicle 
(either in front or behind the bicycle being viewed).  In a range of test videos the average error was only 
88mm, making it feasible to use to assess how closely vehicles are passing bicycles.  

 
Keywords: Computer Vision Application, YOLO, Object Detection  

1 Introduction  

For safety in Ireland (and many other countries) vehicles overtaking cyclists are required to leave a minimum 
clearance of 1m where the speed limit is 50km/h or less and a minimum clearance of 1.5m where the speed limit is 
over 50km/h.  However, there appear to be no statistics around how closely vehicles overtake cyclists. 

The research in this paper develops a simple system which can determine the clearance distance.  A camera 
is mounted looking forwards or backwards on a bicycle with the intention of measuring the clearance distance for a 
cyclist either in front of or behind the cyclist with the camera. 

2 State of the Art 

Traditional distance estimation methods typically rely on stereo vision or LiDAR, but monocular systems are 
gaining popularity due to their cost-effectiveness and simplicity.  [Huang et al., 2019] proposed a robust method for 
inter-vehicle distance estimation using monocular vision by combining vanishing point detection with object 
localization. Their framework demonstrated strong performance under varying road conditions and established the 
value of geometric cues in single-camera setups. 

Expanding on this idea, [Liu et al., 2021] integrated convolutional neural networks (CNNs) with monocular 
inputs to estimate distances to vehicles. Their architecture combines object detection and regression tasks, 
highlighting the potential of deep learning to infer spatial relationships directly from image content without explicit 
calibration. 

[Zhu and Fang, 2019] introduced a novel learning-based approach to predict object-specific distances from 
monocular images by encoding both object and context features. Their network was trained on datasets where 
ground truth distances were known, enabling it to generalize to new scenarios. This approach aligns closely with 
our use of known reference objects—like license plates—as scaling factors. 

[Masoumian et al., 2021] further developed this direction by integrating deep learning-based object detection 
with monocular depth estimation models. Their work demonstrated the importance of combining traditional 
computer vision geometry with learned depth predictions for improved accuracy, especially in applications such as 
traffic monitoring. 

[Kainz et al., 2015] and [Kul and Sayer, 2022] both proposed methods for inferring object size and wall 
dimensions, respectively, from 2D images using reference-based scaling, such as that used in this research. 

3 System Design 

The system takes a video as input, smooths the images to reduce noise, uses Yolo to find people, bicycles, vehicles 
and licence plates, and computes the distance between a person on a bicycle and a passing car (when the wheel of 
the car is in line with the wheel of the bicycle. 
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3.1 Cyclist Detection 
To detect cyclists, a YOLOv11 based object 
detector is employed to identify bounding boxes 
corresponding to the class “person” and the class 
“bicycle”. Since YOLO models do not natively 
classify a “cyclist” class, cyclist detection is 
inferred by locating bounding boxes where the 
"person" class overlaps with the "bicycle" class. 
Among multiple detections, the largest person 
bounding box in the frame is prioritized, assuming 
the cyclist is closest to the camera. This helps 
distinguish actual cyclists from pedestrians or 
background figures and ensures that our 
measurement pertains to the target cyclist.  See 
Figure 1. 

3.2 Vehicle Detection 
To accurately localize the vehicle, an instance segmentation model is used, which provides pixel-wise outlines 
instead of simple bounding boxes. This is particularly important for identifying precise points like wheel locations. 
A YOLOv11 variant for segmentation model is used for vehicle instance detection. The segmented output enables 
fine-grained localization, essential for identifying the rear or front bottom edges of the vehicle that are used for 
distance reference points.  See Figure 1. 

A pre-trained YOLOv8 license plate detection model is integrated to detect the vehicle’s license plate. To 
filter out false positives, a positional verification step is introduced: detected license plate bounding boxes must lie 
within the region of the segmented vehicle instance. This ensures that only valid plates associated with vehicles in 
the scene are used for scaling the pixel distances into millimetres (as licence plate width is standard).  See Figure 1. 

3.3 Passing Distance Estimation 
Once the license plate bounding box is located, its pixel width is extracted (𝑊𝑖𝑑𝑡ℎ௣௜௫௘௟௦). Given that standard license 

plate widths for private vehicles and taxis in Ireland are approximately 520 mm (𝑊𝑖𝑑𝑡ℎ௠௠), these numbers allow 
us to scale pixel distances to millimetres where the distance is roughly in the same plane.  Hence we need to identify 
a line between the bicycle and the vehicle which meets this criteria. 

We need (a) a point in line with the bottom of the bicycle which is directly below the outside of the handlebars 
and (b) the bottom of a wheel of the vehicle when it is in (horizontal) line with point (a).  See the purple line in 
Figure 1.  Note that the line between the points (a) and (b) is determined for every frame and the one closest to the 
horizontal is used for distance estimation. 

To locate the cyclist’s side boundary, the system identifies the end of the handlebars using the bicycle’s 
bounding box. The location depends on the relative position of the vehicle. If the vehicle is to the right of the cyclist, 
the bottom-right corner of the bicycle’s bounding box is used. If the vehicle is to the left, the bottom-left corner is 
chosen. This coordinate approximates the cyclist's lateral boundary for distance measurement. 

The vehicle’s wheel location is determined from its instance segmentation mask. The location is based on the 
position of the cyclist. If the cyclist is to the left of the vehicle, the system identifies the bottom-leftmost pixel of 
the vehicle segmentation. If the cyclist is to the right, it extracts the bottom-rightmost pixel. This point serves as the 
edge of the vehicle closest to the cyclist and is used as the reference point for distance calculation. 
With the reference points on both the bicycle handlebar end and vehicle wheel edge identified, the system computes 
the horizontal pixel distance between them (𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒௣௜௫௘௟௦). This is then converted into millimetres (𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒௠௠) 

using the licence plate width.  This estimated value represents the real-world lateral distance between the cyclist 
and the passing vehicle in the given video frame.  See Equation (1). 

Figure 1: The bicycle (yellow box), cyclist (red box), 
passing vehicle (while outline), and licence plate (orange 
box) are all located using YOLO.  The distance from the 
vehicle’s wheel to the bicycle/person is measured (purple 
line) in pixels and converted to centimetres using the size 

of the licence plate 
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 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒௠௠ =
൫𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒௣௜௫௘௟௦ ×𝑊𝑖𝑑𝑡ℎ௠௠൯

𝑊𝑖𝑑𝑡ℎ௣௜௫௘௟௦
൘  (1) 

 

4 Evaluation 

To test the system we recorded 20 videos of a cyclist being overtaken by vehicles.  In order to be able to determine 
the actual distance between the cyclist an the vehicles, the cyclist remained still, standing over a speed bump with 
fixed width sections.  Sample processing is shown in Figures 2 and a plot of the ground truth vs. computed distances 
is shown in Figure 3 along with a bar chart summarising the errors in Figure 4.  The mean average error was 88mm 
with a standard deviation of 108mm.  
 
 

 

 

 
Figure 2: Sample processing and computed distances. 
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5 Conclusions 

This initial research has confirmed the viability of the concept of measuring passing distance from a single 
uncalibrated video feed.  The accuracy of the results was quite remarkable given that off-the-shelf YOLO models 
have been used to find the people, bicycles, cars and licence plates.  We would expect further improvements in 
accuracy through further specialised image processing (to locate the boundaries of objects, such as the licence plates, 
more precisely).  There is also potential to look at using dashcam footage from other vehicles to solve this problem, 
although in this circumstance the wheels of the passing vehicle are unlikely to be visible to the camera. 
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Figure 3: Distances computed between bicycles and 

passing vehicles (vertical) vs. the actual distance 
between the vehicle and the bicycle (horizontal).  Each 
blue dot represents a single test case.  The ground truth 

was computed by using the physical distance on the 
speed bumps.  The diagonal red line represents perfect 
results so blue dots closer to the line are more accurate 

 
Figure 4: Bar chart summarising the errors across all 
test cases.  The mean absolute error was 88mm with a 

standard deviation of 108mm 
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Abstract 

This paper presents early research into the development of a computer vision-based learning tool 
designed to assist novice electric bass guitarists.  The fretboard, strings, hand and finger positions are 
automatically detected. Musical input is parsed from standard bass tablature and synchronised with real-
time finger placement and plucking detection to generate visual cues on the live video feed of their guitar 
for correct note positioning.  

 
Keywords: Computer Vision Application, Edge Detection, Hand Pose Estimation, Optical Flow Estimation.  

1 Introduction  
For beginners learning to play the electric bass guitar, one of the most significant early challenges is navigating the 
fretboard [Harrison, 2010]. Traditional methods, such as printed tablature, require users to mentally translate 

notation into physical movements on the instrument, often 
leading to cognitive overload, slow progress, and 
discouragement. This paper presents a novel computer vision-
based learning tool designed to assist novice bassists by over 
laying real-time visual guidance directly onto their instrument.  
A live video feed of the player’s bass guitar, detects the 
fretboard and the four strings (typically tuned to E, A, D, and 
G), and tracks hand and finger positions using the MediaPipe 
Hands framework. Musical input is parsed from bass tablature 
and synchronised with real-time finger placement and 
plucking detection to generate on-instrument visual cues for 
correct note positioning. The system enforces deliberate 
practice by advancing only when the correct note is detected 
(See Figure 1). 

2 State of the Art 
Much work in this field has concentrated on Automatic Music Transcription (AMT) as opposed to aiding learning.  
Video is used in AMT as audio is insufficient (as the same note can often be played on multiple strings and at 
various fret positions in string instruments). This redundancy creates ambiguity in note identification when using 
audio-only systems. This limitation is particularly problematic for generating tablature notation, which is essential 
for guitarists and bassists who rely on precise finger placement information for learning and performance.  For 
example, [Asmar, 2022] presented a novel approach for the automatic transcription of guitar music using computer 
vision and depth data from RGBD cameras. The process for detection begins with fretboard segmentation, where a 
deep learning model is trained to produce a binary mask of the fretboard area. This segmentation isolates the 
fretboard from the background, improving the accuracy of subsequent steps such as string and fret detection. 
Additionally, the system uses optical flow analysis to detect string plucking or picking motions, which is essential 

Figure 1: The relationship between the fretboard 
and the tablature (bottom), with the E string to be 

plucked while the 1st fret is held down 
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because pressing a string without plucking does not produce sound.  Their system focuses on generating tablature 
by solely relying on visual input, effectively eliminating the complexities associated with audio signal processing. 

[Ghaleb et al., 2024] present a system that generates guitar tablature by combining video inputs with audio 
analysis.  The visual component uses deep learning models to detect the fretboard and hand positions, even in 
challenging conditions such as occlusions or rapid note transitions. On the audio side, the system applies the Fourier 
Transform to convert time-domain signals into frequency- domain data, extracting precise note information.  

The most similar work we could locate was by [Elashmawi et al., 2023] who present a hybrid system that 
integrates finger motion capture with note frequency recognition to assess guitarists’ performance.  This system 
does offline analyses videos being played by guitarists using acoustic guitars.   

3 System Design 
Our system has two inputs: (1) a live camera feed from a 
stationary  camera showing the user playing the guitar and (2) 
the tablature of the music to be played.  The live camera feed 
is processed to find the fretboard and the hands, and the 
tablature is processed to track the current/next note to be 
played. 

Visual guidance is overlaid on the video feed to show 
finger placement and to highlight the note on the tablature.  See 
Figure 2. 

3.1 Bass guitar recognition 

The fretboard is located using edge detection and the Hough transformation.  The dominant near horizontal lines 
will come from the guitar strings.  These are used to rotate the image so the guitar strings are roughly horizontal. 
The frets will then be roughly orthogonal lines.  The positions of the frets relative locations are defined by the 12th-
root-of-2 rule.  See Figure 3. This formula defines the distance 
from the nut to the n-th fret as 

 
𝑥! = L × %1 − 2"!/$%) (1) 

 
where xn is the distance from the nut to the n-th fret, L is the 
total scale length (distance between the nut and the bridge), 
and n is the fret number. 

3.2 Plucking detection 

MediaPipe Hands (Zhang, 2020) is used to detect the hands and finger positions of each hand.  The hands are 
classified as being the fretting hand or the plucking hand depending on their position relative to the fretboard. 

The fingertip positions are used both to determine what string is plucked and what fret of that string is 
depressed. Plucking is detected using a combination of fingertip tracking and motion analysis.  The index and middle 
fingers of the plucking hand are tracked and the distance from each of the strings determined.  A potential pluck is 
detected as a fingertip remaining near one string for several 
frames followed by a rapid upward transition to another string 
(or roughly that distance).  Optical flow is used on the 
potentially plucked string to verify that motion has occurred 
on that string.  Once a pluck is verified by movement on the 
string, the fret position is determined by analysing the fingertip 

 
Figure 2: Live video feed with a highlight 

(pink dot) indicating where the player should 
be depressing the string/fret (the 9th fret on 
the A string).  The tablature which is being 

played is shown above with the relevant note 
highlighted in the pink rectangle 

Figure 3: Fret locations determined from the 
from the vertical lines between the strings 

using the 12th-root-of-2 rule 

Figure 4: A pluck being detected by the system 
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position of any finger overlapping the plucked string.  See Figure 4. 

3.3 Musical Processing 

The system accepts musical input in the form of tablature (a 
format which is widely used and intuitively understood by 
beginner bass players).  The tablature is read from left to right 
and shows 4 lines (one for each bass guitar string G, D, A, E).  
Fret numbers are indicated on one string at a time indicating 
what string should be plucked and the number indicates what 
fret should be depressed. Fingertip positions are used both to 
determine what string is plucked and what fret of that string is 
depressed.  See Figure 5. 

Once a tablature is loaded the system displays the 
tablature over a live view of the bass guitar being played.  The note to be played is highlighted in the tablature (by 
putting a pink rectangle around it) and the string and fret position are highlighted on the live video of the guitar (by 
putting a solid pink circle in the location of the fret which should be depressed. 

Only once the relevant fret is depressed and the relevant string plucked does the system move onto the next 
note on the tablature. 

4 Evaluation 
The system was tested by (1) objectively testing how accurately notes were recognised, and (2) subjectively 
assessing how useful the system seemed to users. 

4.1 Assessment of note recognition 

To assess the performance of the Fret-Nav system to recognise the correct notes played, a test video was recorded 
in which a sequence of 157 individual notes were plucked across all four strings of a standard four string precision 
model electric bass guitar.  The notes detected were compared manually with the notes actually played resulting in 
an accuracy of 91% and a precision of 94% (See Table 1). 

 Actual Positive Actual Negative 
Predicted Positive 151 9 
Predicted Negative 6 - 

Table 1: Pluck detection summary. 
Most false positives were caused by ambiguous plucking gestures and finger movement in the test video that 

were misclassified as note events. A significant amount of the false positives (≈ 44%) were concentrated on the E 
string. This can likely be attributed to the string’s position at the top of the instrument and the lack of a higher string 
above it, a factor that limits the system’s ability to verify plucking gestures through motion patterns that depend on 
placing a finger on the string above the one being played, as it does for the A, D, and G strings. The increased 
sensitivity of the E string detection is a side effect of the model’s design and although a phantom string is used to 
account for the differences of the top string, it may require future calibration or separate plucking detection rules to 
prevent over-triggering. 

False negatives were most commonly caused by errors in finger tracking. In several instances, a string pluck 
was correctly identified, but the MediaPipe-based finger tracking component reported fingertip positions that fell 
just outside the expected fret region. This could be due to imprecise fingertip landmark estimation or noise in the 
video data. These results highlight that the reliability of note identification is highly dependent on the accuracy of 
both components — pluck detection and fret positioning — and even minor inaccuracies in either can result in 

Figure 5: The system interface showing the 
tablature (top) and a live video feed of the 

guitar with a pink dot highlighting the 
string/fret to be played 
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missed detections. 

4.2 User study 

Our initial subjective assessment of the system involved six different participants with varying levels of prior 
musical experience but no experience of playing the electric bass guitar.  All participants received a short 
introduction to two-finger plucking technique and how to read tablature. They were given one hour to learn and 
practice the same sequence.  Half of the participants used the traditional method to learn and the other half used the 
Fret-Nav system. 

Following the session, each participant completed a structured survey combining Likert Scale questions and 
open-ended responses. Table 2 provides an overview of the study results for the Likert Scale questions. 

 
Survey Category Traditional Group Fret-Nav Group 

Engagement Agree to Strongly Agree Agree to Strongly Agree 
Ease of Learning Neutral to Agree Agree to Strongly Agree 

Learning Method Effectiveness Mostly Agree Mostly Strongly Agree 
Need for Additional Guidance Neutral to Agree Neutral to Disagree 

Ability to Self-Correct Mostly Neutral Mostly Agree 

Table 2: Summary of user survey results. 
 

Subjectively, the system improved learners’ confidence, self-correction ability, and engagement compared 
to traditional learning methods. Participants viewed the tool as intuitive, effective, and enjoyable. While areas for 
refinement were identified — such as pluck detection calibration and UI adjustments — the results from this pilot 
study strongly support the tool’s value as a beginner-oriented learning aid. The combination of real-time feedback 
and intuitive visual guidance clearly reduces the cognitive load associated with early-stage fretboard navigation. 

5 Conclusions 
This paper presents a novel live application of computer vision in music education for the bass guitar.  A prototype 
system was developed and tested showing potential to aid in the learning process.  The initial system described in 
this paper achieved a note detection accuracy of 91% and precision of 94%. A user study comparing the use of Fret-
Nav to traditional learning techniques showed increased engagement, self-correction ability, and reduced cognitive 
load among participants using the tool. 
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Abstract

Tactile sensing offers a potential alternative to vision-based defect detection for reflective, glossy, or
low-texture materials common in precision manufacturing. This paper addresses the binary classification
of surface defects using GelSight tactile imagery, which captures high-resolution geometric deformations
through an elastomeric interface. The primary challenge is the significant “domain gap” between natural
images used for pre-training deep learning models and the specific tactile patterns of GelSight sensors,
which is further exacerbated by the scarcity of large-scale tactile datasets. To address this, we compare
a classical Histogram of Oriented Gradients (HOG) and Support Vector Machine (SVM) pipeline against
three ImageNet-pretrained convolutional neural networks (CNNs), including MobileNet V2, ResNet-18 and
EfficientNet-B0. The results indicate that in data-constrained tactile perception, hand-engineered features
continue to offer unmatched precision and computational efficiency. We recommend a layered deployment
strategy for robotic quality control: utilising HOG-SVM for real-time, precision-driven filtering to minimise
false positives, and MobileNet V2 for safety-critical scenarios where maximising defect capture is paramount.

1 Introduction

Tactile sensing is a solid solution in scenarios where visual cues alone are insufficient to capture fine-grained
geometric details. A new type of tactile sensor, GelSight, provides high-resolution tactile images by measuring
surface deformation through an elastomer interface, enabling the detection of defects as small as 1–2 microns,
including scratches, dents, and irregularities [Yuan et al., 2017]. GelSight has emerged as a powerful modality
for surface inspection in robotics and is well suited to industrial quality control tasks [Yuan et al., 2017].

Extensive research has established the GelSight sensor as a leading modality for high-resolution tactile
perception, particularly in fields requiring detailed surface geometry and contact mechanics. For example,
GelSight sensors have been used for accurate classification of 13 materials captured from 42 distinct indoor and
outdoor items [Shuvo et al., 2026]. Additionally GelSight has been widely utilised in robotics for complex tasks
such as dexterous manipulation, slip monitoring, and object grasping, where it enables real-time 3D geometry
reconstruction and force estimation through photometric stereo techniques [Cui et al., 2023]. In industrial
metrology, tactile sensing can be used for measuring micro-scale features like roughness, scratch depth, and hole
diameters on diverse materials, including transparent acrylics where vision-based methods typically struggle.
Recent GelSight developments include the “digital fingertip”, a ruggedised, miniaturised version designed
for defense robotics to provide real-time tactile intelligence for autonomous systems [Metrology News, 2026].
Furthermore, research in biomedical engineering has introduced specialised variations like TacScope, which
can detect subsurface tissue abnormalities up to 5 mm deep, demonstrating the sensor’s versatility in surgical
applications [Prince et al., 2025].

In this work, we address the binary classification of defect versus no defect regions using GelSight tactile
images of painted manufactured wood products. The defects considered include localised lumps, subsurface
adhesive failures beneath the finish, and uneven or degraded paint layers, all appearing at varying spatial locations
across the panel and presenting subtle, low contrast tactile signatures. The objective of this study is to compare a
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strong classical baseline based on Histogram of Oriented Gradients (HOG) features with a Support Vector Ma-
chine (SVM), against a range of ImageNet pretrained convolutional neural networks. While deep learning meth-
ods have achieved strong performance in many vision-based tasks [Krizhevsky et al., 2012, Howard et al., 2017],
their effectiveness in tactile domains remains uncertain due to differences in data characteristics and reliance on
large scale pre-training [Raghu et al., 2019]. The comparison focuses not only on standard performance metrics
such as F1 score, precision, recall, and Area over the curve (AUC), but also on robustness to perturbations and
practical deployability in resource constrained industrial settings. Through this analysis, we aim to identify the
most suitable approach for tactile defect detection under realistic data and operational constraints.

2 Methodology

2.1 Dataset and Preprocessing

(a) Defect free (b) Defect - small lump (c) Defect - scratch

Figure 1: GelSight tactile imagery samples acquired from painted manufactured wood panels under controlled
robotic scanning conditions: (a) a defect-free surface baseline; (b) a localised subsurface micro-lump defect
presenting subtle geometric deformation; and (c) a macro-scale surface scratch showing sharp directional
gradient changes

The tactile image dataset (samples of which are presented in Figure 1) was collected using a robotic
manipulator (Universal Robots UR5e) to apply motion parameters across both defect and non-defect regions
on painted manufactured wood products using the GelSight elastomeric sensor [Adelson et al., 2011]. This
controlled setup ensures reproducible acquisition of images by creating reliable surface scanning conditions
critical for reliable model evaluation. The motion parameters were fixed as: 20 mm/s velocity, 0.2 m/s²
acceleration, and -0.25N tool contact force [Universal Robots, 2023]. This controlled acquisition ensures
reproducible sensor-surface interaction across all 320 high-resolution 860×860 pixel images approximating
robotic industrial inspection conditions [Xie et al., 2021]. The dataset consists of 192 defect and 128 non-defect
images stratified into a conventional 80/10/10 train-validation-test split using a fixed random seed, preserving
an exact 60:40 defect-to-no-defect ratio across all subsets [Pedregosa et al., 2011]. This eliminates stochastic
partitioning variation, enabling fair comparison between classical learning and deep learning approaches while
reflecting quality assurance sampling where defects constitute 30–50% of inspected batches.

For Deep learning approaches, images are resized, Contrast Limited Adaptive Histogram Equalization
(CLAHE) enhancement applied [Shorten and Khoshgoftaar, 2019], with random horizontal flips and ±0.05
rad rotations for pose robustness. Data augmentation is applied on-the-fly only during training. We utilise
the RandomFlip layer configured for horizontal shifting alongside RandomRotation(factor=0.05).
Here, the factor is interpreted as a fraction of a full 2π rotation, which results in ±18◦ of geometric rota-
tion [Chollet, 2017]. These augmentations introduced controlled pose variation consistent with industrial robot
repeatability constraints and improved robustness to boundary artifacts introduced by padding, without distorting
defect textures [Shorten and Khoshgoftaar, 2019]. Classical methods used the original feature representations
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without augmentation, but were trained and tested on the same splits, ensuring that performance differences
come from the models themselves rather than differences in data exposure.

2.2 Classical Baseline: HOG-SVM

In order to process images using Histogram of Oriented Gradients (HOG) feature extraction, the images were
first resized to 128×128 pixels then converted to greyscale [scikit-image Developers, 2020]. This balances detail
preservation with computational efficiency. HOG features were extracted using 9 orientations covering 0°–180°,
with 8×8 pixel cells grouped into 2×2 blocks (50% overlap) and L2-Hys normalisation [Dalal and Triggs, 2005].
Feature vectors of 8100 dimensions were generated which effectively captured key indicators for surface defects
including: the local gradients, edge directions, and contact patterns in the tactile images [Dalal and Triggs, 2005].
This preprocessing step standardises feature scales, ensuring equitable contributions to the decision boundary and
prevents any single dimension from dominating due to magnitude disparities [Pedregosa et al., 2011]. A linear
SVM, implemented within scikit-learn’s StandardScaler-SVM pipeline [Pedregosa et al., 2011], using the
default decision threshold of t = 0.5, was trained to classify the HOG features. The hyperparameters of the model
were optimised by 5-fold stratified GridSearchCV on C ∈ {0.1,1,10} with class _weight = balanced
to maintain the inherent 60:40 defect: no-defect imbalance, selecting C = 0.1 which maximised cross-validation
F1-score whilst preventing overfitting on the 320-image dataset [Pedregosa et al., 2011, Ghosh et al., 2019].
HOG-SVM is well known to excel on small, structured datasets, enabling visualisation of the model’s learned
feature weights to identify the edge orientations most critical for defect discrimination [Dalal and Triggs, 2005].
This interpretable classical pipeline establishes a robust baseline for evaluating deep learning approaches in
data-constrained industrial tactile inspection scenarios [Chang and Lin, 2011].

2.3 Deep Learning Models

MobileNetV2 [Sandler et al., 2018], ResNet-18 [He et al., 2016], and EfficientNet-B0 [Tan and Le, 2019] were
selected as the pre-trained architectures used to classify the GelSight tactile images. Together, they cover
a range of model complexities, from lightweight networks suitable for edge deployment to more computa-
tionally intensive models that serve as accuracy references. All models were trained on identical 224×224
CLAHE-preprocessed images [Pizer et al., 1990], with a stratified 60:40 defect to non-defect ratio preserved
across the train, validation, and test splits. This ensures that performance differences reflect model capacity
[Pedregosa et al., 2011]. In order to allow models to retain useful low-level tactile features, while adapting the
higher-level layers to specific patterns, certain parameters were selected. Training was controlled using early
stopping based on validation AUC (patience = 15 epochs, minimum delta = 0.001) [Prechelt, 1998]. In terms of
fine-tuning, the final 20 layers of each network were updated using the Adam optimiser [Kingma and Ba, 2014]
with a learning rate of 1×10−5.

Threshold optimisation addressed classification boundary sensitivity in MobileNetV2, where the default
0.5 decision boundary yielded suboptimal F1-scores due to tactile image variability. F1-optimal thresh-
olds were determined via precision-recall curve analysis on the validation set, selecting the threshold that
maximised the F1-score for imbalanced defect detection [Davis and Goadrich, 2006]. To ensure robustness,
candidate thresholds identified from the validation set were further evaluated using stratified K -fold cross-
validation [Pedregosa et al., 2011]. These candidates included Youden’s index (t = 0.835) [Youden, 1950] and
a recall-constrained threshold (t = 0.615). Cross-validation was then used to evaluate intermediate operating
regions, resulting in a final fixed threshold of t = 0.73 for all subsequent testing and robustness experiments.
This final threshold provides a balanced trade-off between precision and recall under tactile image variability.

3 Results

We conducted performance evaluation of the various machine learning methods using the test set of 19 defects
and 13 non-defects. The results are presented in Table 1 and it highlights distinct strengths of different models for
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industrial deployment scenarios. HOG-SVM achieved the strongest overall performance with perfect precision
and superior F1-score compared with other methods, demonstrating unmatched data efficiency for low-data
tactile inspection. This shows that the classical method, though only using a small number of effective parameters,
performs well, thus emphasising the effectiveness of gradient-based feature representations in low-data tactile
inspection environments. On the other hand, MobileNetV2 achieves perfect recall with a balanced precision.
This establishes that the model positively ensures that all defect instances are detected, making it particularly
suitable for industrial inspection scenarios with high value products.

Table 1: Performance benchmarking using the GelSight test set; models are ranked by their F1-score

Method F1 Recall Precision AUC Params

HOG–SVM 0.919 0.850 1.000 0.986 378
MobileNetV2 (A5) 0.790 1.000 0.667 0.914 3.5M
ResNet–18 0.769 0.714 0.833 0.896 11.2M
EfficientNet–B0 0.333 0.214 0.750 0.725 4.1M

ResNet-18 is potentially a suitable choice for quality control scenarios due to its apparent balanced and
consistent performance, whilst EfficientNet-B0 demonstrates moderate capability, suggesting potential use in
pre-screening roles, though it did not match the stability of other models. All the CNNs were evaluated at
the optimised threshold (t = 0.73) to standardise the decision boundary across all deep learning models while
HOG-SVM used the default t = 0.5 [Youden, 1950]. Additionally, robustness analysis examined the effects of
additive noise, blur, brightness variation, and rotation perturbations on the models. The performance of the
HOG-SVM pipeline degraded significantly under noise and rotation perturbations. On the other hand, brightness
variation did not affect it. This robustness is due to the fact that gradient based descriptors are sensitive to high
frequency and orientation perturbation. In contrast, MobileNetV2’s predicted outputs for all perturbations were
very similar at the chosen threshold (t = 0.73) suggesting saturation of threshold rather than robustness. This
indicates that the model focused on defect recall at the expense of sensitivity to input variations, with stable
model predictions but low discriminative adaptation under perturbation.

4 Discussion

The observed performance differences indicate a clear domain gap between tactile image data and the natural
image distributions used for CNN pre-training [Yuan et al., 2017]. Consistent with this mismatch, HOG–SVM
achieved a higher F1 score (0.919) than MobileNetV2 (0.790), ResNet-18 (0.769), and EfficientNet-B0
(0.333), indicating stronger adaptation to tactile features. Although HOG-SVM and the CNNs use the
same dataset and Keras augmentation, CNNs retain ImageNet pre-training bias toward semantic/texture fea-
tures [Deng et al., 2009]. In contrast, HOG-SVM extracts gradient-based features directly from GelSight’s
geometric deformations [Dalal and Triggs, 2005, Adelson et al., 2011]. This domain mismatch is amplified in
small datasets, preventing effective adaptation of CNN feature hierarchies [Chollet, 2017].

Model efficiency analysis shows that HOG–SVM provides strong performance with only 378 parameters,
while the CNN-based models require millions of parameters, such as MobileNetV2 (3.5M), ResNet-18 (11.2M),
and EfficientNet-B0 (4.1M) (see Table 1) [He et al., 2016]. With only a few thousand effective parameters
(grid cells × 9 bins × L2 normalisation), the performance of data-constrained regimes depends more on feature-
signal alignment than representational capacity as adding complexity without data only increases the difficulty
of optimisation [Prechelt, 1998]. The lightweight CNN architectures such as EfficientNet-B0 results further
reinforce this point. Despite being designed for efficiency, they rely on carefully balanced scaling and training
dynamics that assume access to larger, more diverse datasets [Tan and Le, 2019, Howard et al., 2019]. In this
setting, they exhibit instability and underfitting, likely due to sensitivity to learning rate selection and limited
ability to specialise high-level features for tactile geometry [Kingma and Ba, 2014].

Post-hoc error analysis revealed that false negatives (Fig. 2(a)) arise from edge artefacts and surface patterns
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(a) False negative example (b) False positive example

Figure 2: Primary failure modes observed during validation and test partitions: (a) False Negative (FN)
classification due to low-contrast tactile signatures of real defects; and (b) False Positive (FP) where high-
frequency edge artifacts or natural wood grain structures mimic true defect gradients

mimicking defect gradients (e.g., lifted wood tabs, non-conforming grain), while false positives (Fig. 2(b))
correspond to faint, low-contrast deformations (e.g., small lumps, uneven paint) that are difficult to distinguish
from background variation [Davis and Goadrich, 2006]. Targeted augmentation and data collection focusing on
glossy and low-contrast defects may help mitigate these failure modes [Shorten and Khoshgoftaar, 2019].

These findings support the use of hybrid classical and machine learning approaches for low-data tactile
inspection, particularly where surface geometry rather than semantic content governs defect discrimination.
Failure cases reinforce this observation, showing that edge artefacts and low-contrast defects benefit from explicit
gradient sensitivity. Future work should explore hybrid HOG–CNN ensembles to combine robust geometric
representations with learned hierarchical features, particularly as larger datasets become available.

5 Conclusion and Recommendations

This research addresses the critical challenge of high-resolution tactile defect detection in industrial settings
where visual inspection is often hindered by surface reflectivity or low texture. Using a dataset of GelSight tactile
images captured from painted manufactured wood products, the paper compares a classical hand-engineered
approach against modern deep learning models. The core problem identified is the ”domain gap” between natural
images used for pre-training convolutional neural networks (CNNs) and the specific geometric deformations
captured by GelSight sensors, a challenge further compounded by the limited availability of large-scale tactile
datasets.

The methodology involved a rigorous comparison between a HOG-SVM pipeline and three ImageNet-
pretrained CNN architectures: MobileNet V2, ResNet-18, and EfficientNet-B0. The study utilised 320 high-
resolution images with a stratified split to ensure a consistent defect to non-defect ratio across training and testing.
While the CNNs underwent threshold optimisation and data augmentation to improve robustness, the classical
HOG-SVM model focused on extracting gradient-based features directly from the tactile surface deformations.

The outcomes demonstrate a significant trade-off between precision and recall across the tested models,
with precision ranging from 0.667 to 1.000 and recall ranging from 0.214 to 1.000. The HOG-SVM model
emerged as the most efficient, achieving a perfect precision of 1.000 and the highest F1-score while utilising only
a fraction of the parameters required by deep learning architectures. Conversely, MobileNet V2 achieved perfect
recall, ensuring that every defect was detected, though at the cost of more false positives. Other lightweight
models like EfficientNet-B0 struggled with instability, suggesting that representational capacity is less important
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than feature-signal alignment in data-constrained tactile environments.
In conclusion, the paper recommends a layered deployment strategy for industrial robotic inspection. HOG-

SVM is proposed as a primary classifier for real-time, precision-driven applications to minimise false alarms,
while MobileNet V2 is better suited for recall-critical scenarios followed by human verification. Future work
should explore hybrid HOG-CNN ensembles to combine the strengths of geometric feature extraction with
hierarchical learned features as larger, more diverse tactile datasets become available for complex robotic quality
control [Dalal and Triggs, 2005, Yuan et al., 2017].
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Abstract

Cross-view geo-localisation (CVGL) aims to estimate the geographic position of a ground-level query
image by matching it against overhead reference imagery. Despite recent advancements in transformer-
based architectures, robust matching in dense urban environments remains impeded by substantial viewpoint
variations and structural ambiguities. Recent frameworks, such as CVSegGuide, have integrated semantic
segmentation maps to provide high-level scene context and reduce this domain gap. This study evalu-
ates the efficacy of such semantic components by isolating the segmentation task from the broader CVGL
pipeline. We perform a rigorous comparison between the established Multi-Scale Transformer (MST) base-
line and several U-Net family architectures. Using the Brooklyn and Queens dataset, we evaluate locally
trained MST, U-Net, Lite U-Net, and U-Net++ models. Quantitative results demonstrate that convolutional
encoder-decoder architectures consistently provide superior land-cover masks compared with the isolated
transformer baseline. Specifically, the 5-level U-Net achieves a peak mean Intersection over Union (mI oU )
of 74.17%, while the 4-level Lite U-Net demonstrates exceptional parameter efficiency, reaching 71.58%
mI oU with only 4.662M parameters. These findings suggest that dedicated segmentation architectures of-
fer more reliable semantic guidance than current unified transformer branches, providing a robust foundation
for future attention-guided CVGL systems.

Keywords: Cross-View Geo-Localisation, Semantic Segmentation, Parameter Efficiency, Dense Predic-
tion, Urban Land-Cover Mapping.

1 Introduction

Cross-View Geo-Localisation (CVGL) facilitates autonomous navigation by aligning ground-level imagery
with georeferenced satellite or aerial maps. While traditional global navigation satellite systems (GNSS)
are susceptible to signal denial and jamming, visual localisation provides a passive and resilient alternative
[Yue et al., 2025, Yao et al., 2024]. However, the drastic disparity in perspectives between street-level panora-
mas and overhead images creates a significant “domain gap”, complicating direct feature matching in complex
urban scenes. Historically, models relied on low-level visual features; however, recent shifts toward high-level
semantic understanding suggest that structural landmarks provide more robust cues for localisation than tran-
sient visual textures [Castaldo et al., 2015].

To mitigate the domain gap, researchers have increasingly utilised semantic segmentation maps as a bridge
between ground and overhead perspectives. By describing scene information through categories such as build-
ings, roads, and vegetation, segmentation-guided systems can focus on permanent spatial configurations while
ignoring transient environmental changes. The CVSegGuide framework [Xavier et al., 2025] exemplifies this
approach, using land-cover maps to guide transformer-based attention. However, the performance of these
guidance mechanisms is strictly upper-bounded by the fidelity of the segmentation component. If the under-
lying segmentation branch fails to accurately delineate building footprints or road boundaries, the resulting
attention maps will introduce spatial ambiguity into the CVGL pipeline.
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This dependency necessitates a modular evaluation of the segmentation component. While integrated
CVGL models often optimise for retrieval or coordinate regression, the internal segmentation branch must
be rigorously assessed as an independent dense prediction task to ensure maximum reliability. By prioritis-
ing the development and deployment of high-accuracy segmentation methods, we can provide future CVGL
systems with the most precise semantic priors possible.

Within semantic segmentation, the U-Net architecture has remained a foundational framework due to its
encoder-decoder structure and skip connections, which preserve fine-grained spatial information while pro-
gressively learning higher-level representations [Ronneberger et al., 2015]. These properties make U-Net par-
ticularly well suited to aerial land-cover mapping, where accurate boundary delineation between roads, build-
ings, vegetation and background regions is essential. Although transformer-based architectures have recently
gained prominence for their ability to model long-range contextual relationships [Zheng et al., 2021], convolu-
tional U-Net variants continue to offer strong localisation performance, architectural simplicity, and favourable
computational efficiency. This makes the U-Net family a relevant and necessary benchmark when evaluating
segmentation backbones for CVGL-oriented semantic priors.

This paper benchmarks the Multi-Scale Transformer (MST) backbone against established convolutional
encoder-decoder architectures to identify the most effective framework for aerial land-cover mapping. We
investigate the U-Net family, specifically analysing standard U-Net, Lite U-Net, and U-Net++, to determine if
the local inductive biases of convolutions offer advantages over the global attention mechanisms used in current
transformer-based branches. Our primary contributions include: (i) a performance comparison of transformer
versus convolutional architectures for urban segmentation, (ii) a data-lineage study using the Brooklyn and
Queens dataset, and (iii) an analysis of parameter efficiency across varying model depths.

The remainder of this paper is organised as follows: Section 2 details the dataset and class-reduction strat-
egy; Section 3 describes the experimental methodology and model configurations; Section 4 presents and analy-
ses the quantitative and qualitative results; and Section 5 discusses the implications for future integrated CVGL
systems.

2 Dataset

The experiments utilise the Brooklyn and Queens (Near/Remote) dataset, which provides paired overhead and
ground-level imagery for dense urban environments. Each overhead image is 256×256 pixels with a ground
sampling distance (GSD) of approximately 30 cm [Workman et al., 2017, Workman et al., 2022]. To ensure
a controlled comparison with the benchmarks established in CVSegGuide [Xavier et al., 2025], we filter the
dataset to include only aerial images with at least one corresponding ground-level panorama. This yields a
training set of 34,876 images from the Brooklyn subset and a validation set of 7,414 images from the Queens
subset.

Figure 1: Example images from the Brooklyn (left two) and Queens (right two) subsets of the dataset.

While the original masks provide eight semantic classes, we retain the four primary categories: Tree
Canopy, Buildings, Roads, and Other Impervious. This consolidation serves a dual purpose: it ensures di-
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rect comparative alignment with the baseline framework and mitigates the class-imbalance issues caused by the
extreme sparsity of categories such as Water, Bare Soil, and Railroads in the study area. Representative sam-
ples from the filtered dataset are shown in Figure 1, as visually evidenced in these examples, the four classes
are well-represented across diverse urban scenes, capturing a balanced mix of structural features ranging from
dense residential areas to road networks.

Pixels belonging to these omitted classes are excluded from the loss calculation during training and masked
during evaluation. As demonstrated in Table 1, the resulting class distribution remains highly consistent be-
tween the training and validation subsets, ensuring that our performance metrics reflect the structurally signifi-
cant urban features necessary for stable cross-view matching.

Table 1: Pixel distribution across Brooklyn (Training) and Queens (Validation) subsets.
Brooklyn (Training) Queens (Validation)

Class Pixels (M) % Pixels (M) %

Tree Canopy 396.8 18.26 90.9 20.42
Buildings 708.3 32.59 125.6 28.21
Roads 399.3 18.37 94.5 21.24
Other Impervious 668.7 30.77 134.1 30.14

3 Methodology

To evaluate the impact of architectural selection on semantic guidance, we employ a two-stage experimental
design: a baseline reconstruction of the CVSegGuide MST model [Xavier et al., 2025] followed by a controlled
comparison against several convolutional alternatives. This modular approach allows for the independent as-
sessment of segmentation quality before investigating its downstream effects on localisation.

3.1 Architectural Configurations

The primary comparison evaluates the Multi-Scale Transformer (MST) against three variants of the U-Net
family. While the MST baseline evaluates the original framework’s outputs, our locally trained configurations
use strictly aerial imagery to isolate architectural performance.

• Local MST: A transformer-based backbone that extracts feature representations at multiple spatial reso-
lutions, upsampled to produce four-channel land-cover maps [Fan et al., 2021].

• U-Net: A convolutional encoder-decoder architecture utilising skip connections to preserve spatial detail
across downsampling layers [Ronneberger et al., 2015].

• Lite U-Net: A low-complexity variant designed to assess the viability of lightweight architectures in
resource-constrained CVGL applications [Li et al., 2024].

• U-Net++: A nested encoder-decoder structure with dense skip pathways designed to refine feature fusion
between the encoder and decoder [Zhou et al., 2018].

For each U-Net variant, we implement both 4-level and 5-level depths. The 5-level configurations introduce
an additional downsampling stage, effectively expanding the receptive field and parameter capacity to determine
if performance gains result from structural innovation or simple model scale.
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3.2 Training and Evaluation Protocol

All models are trained from scratch using randomly initialised weights and follow a standardised training
protocol using 256×256 aerial inputs. In alignment with the baseline replication [Xavier et al., 2025], no RGB
normalisation or data augmentation is applied. Training is conducted on the Brooklyn subset using the Adam
optimiser (l r = 1× 10−5) and a batch size of 5 for a maximum of 100 epochs. Early stopping is triggered
after five epochs without improvement in validation micro Intersection over Union (IoU). The optimisation
objective weights Binary Cross-Entropy (BCE) and Dice loss equally to balance pixel-level classification with
region-level segmentation quality [Mao et al., 2023, Sudre et al., 2017].

Performance is primarily measured using the macro-averaged Mean IoU (mI oU ) across the four retained
classes (C = 4). For a specific class c, the metric is computed via the confusion-matrix formulation:

I oUc =
T Pc

T Pc +F Pc +F Nc
, mI oU = 1

C

C∑
c=1

I oUc (1)

where T Pc , F Pc , and F Nc represent true positives, false positives, and false negatives, respectively. To en-
sure a robust assessment, these components are accumulated across the entire Queens validation set prior to
calculation, mitigating the impact of image-level variance.

While mI oU serves as the definitive metric for model comparison, the micro IoU formulation is utilised for
training-time checkpointing. By aggregating counts across all pixels regardless of class, micro IoU provides a
stable optimisation signal:

I oUmicro =
∑

T Pc∑
T Pc +

∑
F Pc +

∑
F Nc

(2)

This dual-metric approach ensures that optimisation reflects total pixel accuracy while final evaluations respect
the equal importance of each environmental landmark. Training and inference were performed on a GTX 1080
GPU with 32 GB of RAM.

4 Results and Discussion

The performance analysis presented in Table 2 reveals a substantial accuracy gap between the Multi-Scale
Transformer (MST) and the U-Net family. This section discusses the quantitative trade-offs in parameter effi-
ciency and architectural depth, followed by a qualitative examination of segmentation consistency.

Table 2: Performance comparison using the Queens validation set and per-class IoU and macro mIoU.
Per-Class IoU (%)

Model Level Params Tree Bldgs Roads Other mIoU

MST — 55.45M 58.04 74.50 72.98 52.49 64.50

U-Net 4 36.96M 68.80 81.03 82.14 60.41 73.09
U-Net 5 148.12M 69.63 83.01 83.76 60.30 74.17

Lite U-Net 4 4.66M 68.04 80.76 79.60 57.94 71.58
Lite U-Net 5 8.28M 66.47 79.43 78.48 57.69 70.52

U-Net++ 4 36.62M 68.02 82.58 82.99 60.13 73.43
U-Net++ 5 147.67M 69.65 82.56 83.09 60.03 73.83

4.1 Quantitative Performance and Parameter Efficiency

The U-Net family consistently outperformed the MST across all evaluation metrics. Notably, the standard 4-
level U-Net achieved a 13.3% relative improvement in mI oU over the MST baseline while utilising 33% fewer
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parameters. This disparity suggests that the local inductive biases of convolutional structures are more effective
for capturing the precise geometric boundaries of urban landmarks than the global attention mechanisms of the
MST.

Increasing architectural depth from Level 4 to Level 5 yielded marginal gains for standard and nested archi-
tectures. For instance, the Level 5 U-Net achieved the highest overall accuracy (74.17%), but required a four-
fold increase in parameters (111M additional weights) to secure a 1.08% improvement. Conversely, the Lite
U-Net family showed an inverse relationship at increased depths, with performance decreasing from 71.58%
to 70.52%. This suggests that for lightweight models, excessive depth may lead to optimisation difficulties or
over-parameterisation relative to the feature complexity of aerial imagery.

The Lite U-Net (Level 4) stands out as the most efficient configuration, outperforming the MST by 7%
mI oU while being approximately 12 times smaller. This makes it a compelling candidate for real-time CVGL
applications where inference latency and memory overhead are critical constraints.

4.2 Qualitative Analysis

Visual inspection of the segmentation masks (Figure 2) confirms the quantitative findings. The MST outputs
exhibit significant fragmented noise and a lack of structural coherence, particularly at the edges of buildings.
These “salt-and-pepper” artifacts would likely introduce ambiguity if used to guide a downstream localisation
model.

In contrast, the U-Net architectures produce much cleaner, contiguous segments. The standard U-Net
and U-Net++ excel at delineating sharp transitions between Buildings (red) and Roads (grey), preserving the
rectangular geometry of urban blocks. While the 5-level models capture finer details through their expanded
receptive fields, the 4-level variants already provide the “homography-like” stability necessary for effective
cross-view matching. These results indicate that dedicated convolutional encoder-decoders are superior for
providing the reliable semantic priors required for high-accuracy localisation.

Figure 2: Qualitative comparison on Queens validation samples. Columns: RGB image, Ground Truth, MST,
U-Net (L4), U-Net (L5), Lite U-Net (L4), Lite U-Net (L5), U-Net++ (L4), and U-Net++ (L5). Colors: Green
(Tree Canopy), Red (Buildings), Grey (Roads), Yellow (Other Impervious).
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5 Conclusion

This study establishes that aerial semantic segmentation, as a foundational component for cross-view geo-
localisation, can be significantly improved through architectural isolation and the application of convolutional
inductive biases. By benchmarking the Multi-Scale Transformer (MST) against various U-Net family models,
we demonstrate that standard convolutional encoder-decoder structures provide a more robust basis for urban
land-cover mapping. The 5-level U-Net achieved the highest overall fidelity with 74.17% mIoU, while the 4-
level Lite U-Net emerged as a highly efficient alternative, delivering competitive accuracy with a significantly
reduced parameter footprint.

These findings suggest that while transformers are effective for high-level spatial reasoning in CVGL
pipelines, they are outperformed by convolutional models in the specific task of dense land-cover prediction.
This study has several implications for the design of future localisation systems: (i) it demonstrates that high-
fidelity masks of stable landmarks like buildings and roads can be achieved with relatively low computational
overhead, and (ii) it confirms that increasing model depth yields diminishing returns for this specific urban
dataset.

Future research will integrate these optimised convolutional segmentation backbones back into unified
transformer-based CVGL pipelines. By providing high-fidelity semantic guidance, we aim to investigate the de-
gree to which improved segmentation accuracy directly translates into reduced spatial ambiguity and enhanced
localisation precision across diverse and challenging urban environments.
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Abstract

Multimodal learning has become increasingly important within modern artificial intelligence systems,
particularly in large multimodal models that jointly process visual, textual, and audio information. Recent
multimodal architectures increasingly employ pre-trained modality-specific encoders to extract contextual
latent representations prior to fusion, enabling richer preservation of acoustic and temporal information within
speech signals. This work proposes a transformer-based audio-visual fusion pipeline for multimodal object
recognition using the SpokenCOCO dataset. Pre-trained Vision Transformer and Whisper encoders were
employed to extract modality-specific visual and audio embeddings, which were subsequently fused using
a bidirectional cross-attention mechanism. The proposed architecture utilised frozen pre-trained encoders
alongside lightweight downstream classifiers to evaluate the effectiveness of multimodal contextual fusion.
Experimental evaluation demonstrated that multimodal fusion consistently outperformed single-modality
representations across all evaluation metrics. These findings demonstrate the effectiveness of direct audio-
visual fusion for multimodal contextual understanding and provide a foundation for future transformer-based
multimodal grounding and object recognition systems.

Keywords: computer vision, machine learning, object classification, audiovisual and multimedia systems

1 Introduction

Transformer-based architectures have become the foundation of modern artificial intelligence (AI) systems, such
as Large Language Models (LLMs) and Large Multimodal Models (LMMs). Early transformer-based language
models such as BERT [Devlin et al., 2019] and GPT3 [Brown et al., 2020] demonstrated that transformer archi-
tectures can model long-range contextual relationships through self-attention mechanisms [Vaswani et al., 2017].
More recently, transformers have been extended beyond single-modality language processing towards multimodal
learning systems capable of jointly processing text, images, audio and speech [Wu et al., 2024]. Several recent
multimodal transformer architectures have demonstrated the effectiveness of combining multiple modalities for
contextual understanding and generative tasks. Flamingo [Alayrac et al., 2022] introduced a visual-language
model capable of conditioning Chinchilla language models [Hoffmann et al., 2022] on visual inputs, while
ViCA [Liu et al., 2026] employed both self-attention and cross-attention mechanisms for visual-text reasoning.
Beyond visual-language learning, transformer-based multimodal systems have also been applied to audio-visual
tasks. Llama-AVSR [Cappellazzo et al., 2025] proposed an audio-visual speech recognition framework using
LMMs while Macaw-LLM [Lyu et al., 2023] demonstrated text generation using images, audio and text inputs.
These architectures highlight the increasing importance of multimodal learning within modern AI systems.
Multimodal learning aims to model interactions between different data modalities in a manner similar to how
humans integrate sensory information to develop contextual awareness of their environment [Shu et al., 2025].
By jointly processing multiple modalities, AI systems can exploit complementary information between data
sources, allowing one modality to compensate when another is noisy, ambiguous, or incomplete. In audio-visual
learning, combining speech and visual information can improve contextual understanding and robustness within
recognition tasks [Ye et al., 2024]. To combine information from multiple modalities, multimodal systems
employ fusion methods at different stages of the learning pipeline. Feature fusion combines modality repre-
sentation after feature extraction but prior to classification [Li and Tang, 2026] while output fusion combines
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predictions or outputs after classification [Li and Tang, 2026]. Common multimodal fusion methods include
concatenation, [Gao et al., 2020] linear, [Li et al., 2017, Wu and Han, 2018] non-linear [Charte et al., 2018]
and attention-based fusion approaches, such as cross-attention [Qian et al., 2023]. Among these approaches,
transformer-based cross-attention mechanisms have become increasingly popular due to their ability to model
contextual relationships between modalities. Recent multimodal architectures increasingly employ pre-trained
modality-specific encoders to extract contextual latent representations prior to fusion [Wu et al., 2024]. Within
audio-visual learning, transformer-based speech encoders provide temporally contextualised audio embeddings
that preserve acoustic and prosodic information beyond textual transcriptions alone [Shu et al., 2025]. Similarly,
transformer-based visual encoders produce contextual patch-level representation capable of modelling spatial
relationships within images. These representations provide rich modality-specific contextual information that
can be subsequently fused for downstream multimodal learning tasks.

This work investigates transformer-based audio-visual fusion using speech and visual embeddings extracted
from Whisper and Vision Transformer pre-trained encoders. The proposed approach employs bidirectional cross-
attention mechanisms to model contextual interactions between audio and visual modalities prior to fusion. Early
feature-level fusion is performed by combining contextualised modality representations after bidirectional cross-
attention, enabling the model to jointly learn relationships between speech and visual information. This paper
contributes: a transformer-based multimodal fusion pipeline combining pre-trained ViT and Whisper encoders
using cross-attention fusion and an evaluation of frozen pre-trained encoders with lightweight downstream
classifiers.

2 Datasets

Many widely used computer vision datasets are single-modality or text-image based rather than speech-image
based. Examples include the Large Vocabulary Instance Segmentation (LVIS) dataset [Gupta et al., 2019], which
contains images for large-scale object recognition, and the GQA dataset [Hudson and Manning, 2019], which
provides image-question-answer pairs for visual reasoning tasks. To enable speech modality learning, the
dataset would either contain recorded speech, which can be expensive and time-consuming to create, or use
Text-to-Speech (TTS) models to generate synthetic audio using the text captions from pre-existing text-image
datasets such as SpeechCOCO [Havard et al., 2017] or how [Yang et al., 2025] created synthesised speech data
from GQA textual questions and answers, using TTS model SpeechT5 [Ao et al., 2022]. For this work, datasets
containing real human speech were preferred over synthetically generated speech datasets. Although TTS-
generated datasets provide a scalable method for introducing the speech modality, synthetic speech often lacks
speaker diversity or natural variation, unlike human speech [Hsu et al., 2021]. Based on these selection criteria,
the following datasets were selected for use in this research.

MSCOCO [Lin et al., 2014] is an image-caption dataset containing 123,287 images and 605,495 captions,
where each image is paired with 5 human-written captions. The dataset contains annotations for 80 object
categories, with multiple object instances potentially present within a single image, as seen in Figure 1. The
dataset additionally provides bounding box annotations for object instances present within the images.

SpokenCOCO [Hsu et al., 2021] is an additional dataset that contains spoken audio recordings corresponding
to the textual captions from MSCOCO. These speech samples were collected through Amazon Mechanical
Turk by displaying the caption text for the speakers to read out loud. The dataset contains recordings from
2353 speakers, primarily consisting of American English speakers, and has approximately 742 hours of spoken
audio. The spoken captions are aligned with their corresponding MSCOCO images and textual captions through
shared image identifiers provided within the dataset metadata. A challenge within both datasets is the severe
class imbalance across object categories. For example, the hair dryer category contains only 198 images,
whereas the person category contains 66,808 images. To enable computationally efficient experimentation
while reducing the effects of severe class imbalance, a balanced subset of SpokenCOCO was constructed. The
balancing process involved randomly selecting image-audio pairs containing at least one instance of a target
class until each category contained 1000 training samples, 500 validation samples, and 500 testing samples. As
MSCOCO images may contain multiple object categories simultaneously, selected samples were not restricted to
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Figure 1: Example image from the MSCOCO dataset with its associated caption: "A woman interacts with a
horse in a stable."

single-label scenes. 8 object classes were randomly selected from categories containing at least 2000 available
samples within the original dataset. The selected object classes were person, backpack, airplane, skis, kite,
baseball glove, TV, and clock. Classes with insufficient representation were excluded to ensure consistent
sampling across training, validation, and testing splits. This process resulted in a balanced subset containing
16,000 paired image-audio pair samples across training, validation, and testing splits. The balanced subset
provides a controlled experimental setting for evaluating transformer-based audio-visual fusion while reducing
the influence of severe class imbalance present in the original datasets. The key statistics of the original COCO
datasets and the balanced subset are summarised in Table 1.

Dataset Images Text Captions Audio Captions Classes Speakers Class Balance

MSCOCO 123,287 605,495 – 80 – Imbalanced
SpokenCOCO 123,287 605,495 592,187 80 2,353 Imbalanced
Balanced Subset (Ours) 16,000 16,000 16,000 8 – Balanced

Table 1: Summary of MS-COCO, Spoken-COCO and balanced subset datasets.

3 Methodology

The methodology in this work will cover multimodal audio-visual learning and classification. Several key stages
include modality-specific feature extraction, bidirectional cross-attention between extracted audio and visual
representations, contextualised feature fusion, and downstream classification. An overview of the proposed
methodology is shown in Figure 2.
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Figure 2: Overview of the proposed audio-visual fusion pipeline. Speech and image inputs are encoded using
Whisper and ViT encoders to obtain modality-specific features (audio=A, visual=V). Bidirectional cross-attention
modules perform audio-to-vision and vision-to-audio contextualisation (→). The contextualised features are
concatenated (+) and processed by a second fusion cross-attention module to produce a joint multimodal
embedding for object classification. During training, classification and grounding losses are jointly optimised.

Audio-Visual Feature Extraction To obtain the representations used for multimodal fusion, pre-trained
transformer-based encoders were employed for both the visual and audio modalities. Separate modality-specific
encoders were used to preserve modality-specific feature representations prior to fusion.

Vision Transformer (ViT) [Dosovitskiy et al., 2021] was employed as a visual modality encoder. The
model was pre-trained on ImageNet-22k [Ridnik et al., 2021]. Input images were processed and resized using
Hugging Face AutoImageProcessor to match the ViT image size requirement of 224 × 224 resolution.
After preprocessing, images were partitioned into non-overlapping 16 × 16 patches to produce 14 × 14 = 196
patch tokens with an additional learnable classification token appended, resulting in a total sequence length of
197 tokens. The image patches produced are flattened and linearly projected into an embedding vector before the
positional embeddings are added to preserve spatial information. Embedded patch tokens are processed through
the transformer encoder using self-attention mechanisms.

Whisper [Radford et al., 2023] was utilised as the audio modality encoder. Whisper is a transformer-based
speech model pre-trained on its original dataset of 680k hours of labelled multilingual speech data. The "small"
model variant was selected based on hardware constraints compared to other models and is a compromise
of computational size and representational performance. Audio waveforms were first converted to floating-
point tensors and resampled to 16 kHz, matching the input sampling rate expected by Whisper. The Hugging
Face WhisperProcessor was then used to convert the raw audio waveforms into log-Mel spectrogram
input features. During batch processing, padding was applied to produce fixed-size inputs, while longer audio
sequences were truncated. Processed input features were passed through the Whisper encoder, and the final
hidden states were extracted as the audio feature representation. Similar to ViT, the Whisper encoder applies
self-attention to model contextual relationships across temporal audio embeddings. However, rather than
modelling spatial relationships between image patches, Whisper captures contextual dependencies between
speech representations across the audio sequence.

Both transformer encoders utilise the self-attention mechanism defined as follows [Vaswani et al., 2017]:

Attention(Q,K ,V ) = softmax

(
QK T

√
dk

)
V (1)

where Q, K , and V represent the query, key, and value matrices, respectively, and dk denotes the dimensionality
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of the key vectors used for scaling. The Q matrix represents the contextual information each token seeks, the K
matrix represents the semantic information contained within each token, and the V matrix contains the contextual
representations that will be aggregated after attention weighting. The attention operation computes similarity
scores between tokens, enabling the model to selectively aggregate contextual information across the input
sequence. Following feature extraction, the pipeline produces two sequences of contextual embeddings: visual
patch embeddings from ViT and temporal audio embeddings from Whisper. These embeddings are feature
matrices, Xa and Xv for audio and visual matrices, respectively, as seen in Figure 2.

Both encoders were frozen to prevent updates to the pre-trained weights while reducing the training
complexity of the overall pipeline and retaining the strong generalised representations learned from pretraining
these models [Cappellazzo et al., 2025]. Each encoder produces embeddings with a feature dimensionality of
768, allowing compatibility during the cross-modal fusion process.

Bidirectional Cross-Attention To enable interaction between the extracted Xa and Xv matrices, bidirectional
cross-attention fusion is used [Gao et al., 2024]. The purpose of this fusion stage is to incorporate contextual
information from one modality matrix into the other, creating feature representations which are jointly informed
of both speech and visual content. Unlike self-attention seen in the feature extraction using the transformer-based
encoders, cross-attention allows tokens from one modality to attend to the tokens in the other modality. For
this pipeline, two cross-attention mechanisms are used bidirectionally: Audio-to-Visual (A2V) – audio features
attend to visual features; Visual-to-Audio (V2A) – visual features attend to audio features.

Cross-attention enables both modalities to become mutually context-aware. The audio representation
emphasises visually relevant information, while the visual representations can incorporate contextual cues
derived from speech. For further explanation, take the A2V cross-attention operation, where Xa is projected
into query representations while Xv is projected into the key and value representations. The audio embeddings
determine which visual tokens should receive attention. The resulting representation produces audio-informed
visual contextualisation by allowing audio embeddings to selectively attend to semantically relevant visual
regions. The attention operation for the i i-th attention head is defined as [Vaswani et al., 2017]:

headi = softmax

(
(XaW Q

i )(Xv W K
i )T

√
dk

)
(Xv W V

i ) (2)

where W Q
i , W K

i , W V
i denote the learnable projections for the query, key, and value representations of the i -th

attention head, respectively, and dk represents the dimensionality of the key vectors for scaling. The softmax
operation normalises the similarity scores between audio queries and visual keys.

The cross-attention mechanisms employ multi-head attention with 8 attention heads, consistent with the
original attention mechanism [Vaswani et al., 2017]. Following the cross-attention stage, multi-layer perceptron
(MLP) layers apply non-linear transformation to the contextualised feature embeddings produced from the A2V
and V2A mechanisms to refine the modality-enhanced features and learn higher-level feature interactions within
each modality. Each MLP expands the embedding dimension from 768 to 3072 using an expansion ratio of 4,
applies a Gaussian Error Linear Unit (GELU) activation function, and then projects the representation back to
768 dimensions.

Fusion Cross-Attention The A2V and V2A embeddings are concatenated along the feature dimension to form
a joint multimodal representation [Cappellazzo et al., 2025]. This representation is processed using a secondary
cross-attention module sharing the same architectural configuration as the bidirectional fusion modules. A
learnable fusion token is introduced to aggregate contextual information from both modalities into a unified
representation. This token acts as the query representation, while the concatenated embeddings provide the
corresponding key and value representations. Through attention, the fusion token attends to the audio and visual
information to create the final fused embedding.

To train the fusion module for multilabel object presence prediction, binary cross-entropy with logits was
employed. The loss function enables independent probability estimation for each object category within the
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multilabel prediction task. Binary cross-entropy with logits is defined as:

LBCE(ℓ, y) =−[
y · log(σ(ℓ))+ (1− y) · log(1−σ(ℓ))

]
(3)

where ℓ represents the predicted logits, y denotes the ground truth label and σ(·) is the sigmoid activation
function. While the SpokenCOCO subset is balanced for this paper, the original dataset is not balanced; a
weighted version of the formula was used:

LBCE =−[
w+ · y · log(σ(ℓ))+ (1− y) · log(1−σ(ℓ))

]
(4)

where w+ represents the positive class weighting factor. This weighting formulation is particularly relevant
for scaling the proposed pipeline to the full SpokenCOCO dataset for future work, where greater class imbalance
is present.

Grounding supervision was incorporated to encourage alignment between spoken object references and
visually relevant regions. Grounding loss was applied to the A2V attention maps to encourage alignment between
attended visual regions and the corresponding object annotations. The grounding formula is represented as:

Lground = fground (Attna→v ,B) (5)

where Attna→v denotes the audio-to-visual attention maps and B represents the corresponding grounding
annotations.

The final training objective equation combines both losses:

Ltotal =Lground +λjoint ·LBCE (6)

where λjoint controls the relative contribution of the classification objective. This weighting factor prevents
either loss component from dominating optimisation during training and enables balanced learning between
localisation and semantic prediction tasks. Training was performed using the AdamW optimiser with a learning
rate of 3×10−5, weight decay of 0.1, batch size of 8, and 15 epochs. All experiments were conducted using
an NVIDIA GeForce GTX 1080 GPU. The output representation of the fusion token was used as the final
multimodal embedding for downstream classification.

Classifiers The fused multimodal embeddings were evaluated using two downstream classifiers: Support
Vector Machines (SVMs) [Hearst et al., 1998] and Logistic Regression [Sperandei, 2014]. These classifiers
were selected due to their effectiveness on high-dimensional embedding representations and their common
use for evaluating pre-trained feature spaces without requiring end-to-end fine-tuning. Logistic Regression
provides probabilistic linear classification, while SVMs maximise the separating margin between classes within
the learned embedding space.

4 Results

To evaluate the proposed pipeline, the audio and visual modalities were first assessed independently to establish
baseline performance. The fusion module was then evaluated in two configurations: an untrained configuration
and a trained configuration using the hyperparameters selected in the Fusion Cross-Attention section. This
comparison enabled evaluation of the impact of training the multimodal fusion module on overall performance.

Table 2 presents the classification performance of the proposed pipeline across single-modality and mul-
timodal fusion configurations. The experiments compare audio-only embeddings, visual-only embeddings,
multimodal untrained fusion, and multimodal trained fusion using the optimal hyperparameters obtained through
grid search. Performance was evaluated using Micro F1, Macro F1, and mean Average Precision (mAP). Micro
F1 measures overall classification performance using the global counts of true positives, false positives, and
false negatives, while Macro F1 computes the unweighted average of per-class F1 scores, providing greater
sensitivity to class-level performance differences. mAP evaluates ranking quality across classes by combining
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precision and recall characteristics. A 5-fold Group KFold cross-validation strategy was used to reduce data
leakage between training and validation splits by ensuring that samples associated with the same image were not
simultaneously present in both partitions [Raschka, 2018].

The results demonstrate that multimodal fusion substantially outperforms single-modality representations
across all evaluation metrics. Visual-only embeddings consistently achieved stronger performance than audio-
only embeddings, indicating that the visual modality contains more discriminative information for the selected
object categories. However, incorporating audio representations through cross-attention fusion further im-
proved classification performance, demonstrating that speech-derived contextual cues provide complementary
information beyond visual features alone.

Configuration Classifiers Micro F1 Macro F1 mAP

Audio-only SVM 73.912 ± 0.315% 70.180 ± 0.367% 77.524 ± 0.631%
Logistic Regression 75.087 ± 0.421% 72.021 ± 0.494% 79.345 ± 0.576%

Image-only SVM 84.496 ± 0.103% 82.592 ± 0.249% 88.744 ± 0.215%
Logistic Regression 85.151 ± 0.259% 83.626 ± 0.419% 89.665 ± 0.263%

Untrained Fusion SVM 89.574 ± 0.386% 88.709 ± 0.567% 92.724 ± 0.809%
Logistic Regression 90.460 ± 0.380% 89.897 ± 0.486% 93.994 ± 0.725%

Trained Fusion SVM 92.110 ± 0.456% 91.279 ± 0.620% 93.847 ± 0.735%
Logistic Regression 92.160 ± 0.500% 91.380 ± 0.650% 94.131 ± 0.660%

Table 2: Classification performance of single-modality and multimodal fusion configurations evaluated using
Micro F1, Macro F1, and mAP.

Notably, even the untrained fusion configuration outperformed both individual modalities, suggesting that
cross-modal contextual integration provides complementary information prior to optimisation of the fusion
module. The relatively strong performance of the untrained fusion configuration suggests that the pre-trained
transformer encoders already produce highly transferable modality-specific representations. Optimising the
fusion module further improves cross-modal alignment and contextual integration, leading to the highest overall
classification performance. Logistic regression achieved marginally higher performance than SVM across most
configurations, suggesting that the fused embedding space produced by the transformer-based encoders was
sufficiently linearly separable for lightweight probabilistic classification.

5 Conclusion and Future Work

The experimental results demonstrate that the proposed cross-attention fusion pipeline improves classification
performance compared to both unimodal representations and multimodal untrained fusion configurations. The
controlled, balanced subset enabled clearer evaluation of modality fusion behaviour while reducing the influence
of severe class imbalance present in the original SpokenCOCO dataset. Experimental evaluation demonstrated
that multimodal fusion consistently outperformed single-modality configurations across all evaluation metrics.
The results further showed that integrating speech-derived contextual information with visual representations
improved classification performance beyond visual-only embeddings, highlighting the complementary nature of
audio-visual feature fusion. Additionally, the strong performance of the untrained fusion configuration suggests
that pre-trained transformer encoders provide highly transferable modality-specific representations prior to
fusion optimisation. Training the fusion module further improved cross-modal contextual alignment and overall
classification performance. However, the use of a balanced subset limits direct comparison with state-of-the-art
(SOTA) methods evaluated on the full SpokenCOCO dataset, where substantial class imbalance can significantly
affect performance metrics. Future work will evaluate both the proposed pipeline and comparable SOTA
architectures under full-dataset conditions to enable fairer comparative analysis. Further development will
additionally explore end-to-end fine-tuning of the modality encoders, larger multimodal datasets, and more
advanced fusion strategies for improving cross-modal grounding and contextual alignment.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 130 ISBN 978-1-9195641-0-4



References
[Alayrac et al., 2022] Alayrac, J.-B., Donahue, J., Luc, P., et al. (2022). Flamingo: A visual language model for few-shot learning.

NeurIPS, 35:23716–23736.
[Ao et al., 2022] Ao, J. et al. (2022). SpeechT5: Unified-modal encoder-decoder pre-training for spoken language processing. In ACL,

pages 5723–5738.
[Brown et al., 2020] Brown, T. et al. (2020). Language models are few-shot learners. In NeurIPS, volume 33, pages 1877–1901.
[Cappellazzo et al., 2025] Cappellazzo, U. et al. (2025). Large language models are strong audio-visual speech recognition learners. In

ICASSP, pages 1–5.
[Charte et al., 2018] Charte, D., Charte, F., García, S., del Jesus, M. J., and Herrera, F. (2018). A practical tutorial on autoencoders for

nonlinear feature fusion: Taxonomy, models, software and guidelines. Information Fusion, 44:78–96.
[Devlin et al., 2019] Devlin, J. et al. (2019). BERT: Pre-training of deep bidirectional transformers for language understanding. In

NAACL-HLT, pages 4171–4186.
[Dosovitskiy et al., 2021] Dosovitskiy, A. et al. (2021). An image is worth 16x16 words: Transformers for image recognition at scale.

In ICLR, pages 611–631.
[Gao et al., 2020] Gao, J., Li, P., Chen, Z., and Zhang, J. (2020). A survey on deep learning for multimodal data fusion. Neural

Computation, 32(5):829–864.
[Gao et al., 2024] Gao, S. et al. (2024). Avsegformer: Audio-visual segmentation with transformer. In AAAI, volume 38, pages

12155–12163.
[Gupta et al., 2019] Gupta, A. et al. (2019). LVIS: A dataset for large vocabulary instance segmentation. In CVPR, pages 5351–5359.
[Havard et al., 2017] Havard, W., Besacier, L., and Rosec, O. (2017). SPEECH-COCO: 600k visually grounded spoken captions aligned

to MSCOCO data set. In GLU 2017 International Workshop on Grounding Language Understanding, glu_2017, page 42–46.
[Hearst et al., 1998] Hearst, M. et al. (1998). Support vector machines. IEEE Intelligent Systems and their Applications, 13(4):18–28.
[Hoffmann et al., 2022] Hoffmann, J. et al. (2022). An empirical analysis of compute-optimal large language model training. NeurIPS,

35:30016–30030.
[Hsu et al., 2021] Hsu, W.-N. et al. (2021). Text-free image-to-speech synthesis using learned segmental units. In ACL-IJCNLP, pages

5284–5300.
[Hudson and Manning, 2019] Hudson, D. A. and Manning, C. D. (2019). GQA: A new dataset for real-world visual reasoning and

compositional question answering. In CVPR, pages 6693–6702.
[Li and Tang, 2026] Li, S. and Tang, H. (2026). Multimodal alignment and fusion: A survey. International Journal of Computer Vision,

134(3):103.
[Li et al., 2017] Li, Z., Yang, L., and Zhou, F. (2017). FSSD: Feature fusion single shot multibox detector. arXiv preprint

arXiv:1712.00960.
[Lin et al., 2014] Lin, T.-Y., Maire, M., Belongie, S., Hays, J., Perona, P., Ramanan, D., Dollár, P., and Zitnick, C. L. (2014). Microsoft

COCO: Common objects in context. In ECCV, pages 740–755.
[Liu et al., 2026] Liu, W. et al. (2026). ViCA: Efficient multimodal LLMs with vision-only cross-attention. arXiv preprint

arXiv:2602.07574.
[Lyu et al., 2023] Lyu, C. et al. (2023). Macaw-LLM: Multi-modal language modeling with image, audio, video, and text integration.

arXiv preprint arXiv:2306.09093.
[Qian et al., 2023] Qian, X., Wang, Z., Wang, J., Guan, G., and Li, H. (2023). Audio-visual cross-attention network for robotic speaker

tracking. IEEE/ACM Transactions on Audio, Speech, and Language Processing, 31:550–562.
[Radford et al., 2023] Radford, A. et al. (2023). Robust speech recognition via large-scale weak supervision. In ICML, volume 202,

pages 28492–28518.
[Raschka, 2018] Raschka, S. (2018). Model evaluation, model selection, and algorithm selection in machine learning. arXiv preprint

arXiv:1811.12808.
[Ridnik et al., 2021] Ridnik, T., Ben-Baruch, E., Noy, A., and Zelnik-Manor, L. (2021). ImageNet-21K Pretraining for the Masses. In

NeurIPS Datasets and Benchmarks.
[Shu et al., 2025] Shu, F., Zhang, L., et al. (2025). Audio-visual LLM for video understanding. In ICCV Workshops, pages 4305–4314.
[Sperandei, 2014] Sperandei, S. (2014). Understanding logistic regression analysis. Biochemia medica, 24(1):12–18.
[Vaswani et al., 2017] Vaswani, A. et al. (2017). Attention Is All You Need. In NeurIPS, volume 30, pages 5998–6008.
[Wu and Han, 2018] Wu, A. and Han, Y. (2018). Multi-modal circulant fusion for video-to-language and backward. In IJCAI, pages

1029–1035.
[Wu et al., 2024] Wu, S. et al. (2024). NExT-GPT: Any-to-any multimodal LLM. In ICML, volume 235, pages 53366–53397.
[Yang et al., 2025] Yang, W., Wei, J., Lu, W., and Li, L. (2025). You only speak once to see. In ICASSP, pages 1–5.
[Ye et al., 2024] Ye, Q. et al. (2024). Cat: Enhancing multimodal large language model to answer questions in dynamic audio-visual

scenarios. In ECCV, pages 146–164.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 131 ISBN 978-1-9195641-0-4



WeldNet: Vision-Based Weld Inspection for Intelligent
Manufacturing Systems

Sushil Sharma1, Oran Connors1,2, Reenu Mohandas1, Joe Brennan 2, and Ciarán Eising1

1firstname.lastname@ul.ie and 2firstname.lastname@omc.ie

1University of Limerick, Ireland, 2OMC Technologies Limited, Ireland

Abstract

Manual weld inspection is often slow, inconsistent, and prone to subjectivity, especially in high-precision
manufacturing industries. This paper presents a WeldNet: AI-based weld defect detection system using deep
learning and computer vision for real-time industrial inspection. The proposed methodology detects weld
defects with high accuracy while being optimised for edge deployment in manufacturing environments. Our
approach improves inspection consistency, reduces production delays, and supports faster quality assurance
workflows. The system also establishes a foundation for future intelligent welding systems with automated
feedback and adaptive process control, contributing towards Industry 4.0 manufacturing.

Keywords: Machine Vision, Weld Inspection, Deep Learning, Industry 4.0, YOLOv8

1 Introduction

Industrial weld inspection is critical for ensuring structural integrity, safety, and product quality in advanced
manufacturing systems [Torres-Torres et al., 2026]. However, existing inspection pipelines are still largely
manual and rely heavily on human expertise, leading to inconsistent evaluations and limited scalability in
high-throughput production environments. To address these limitations, we propose a real-time deep learn-
ing–based weld defect detection methodology leveraging computer vision techniques. The system is designed
for efficient and accurate detection of weld defects from images and video streams using lightweight object
detection models trained on a YOLO-formatted weld dataset. It is robust to real-world variations such as light-
ing changes, texture diversity, and noise. Beyond defect detection, the framework integrates automated weld
logging and intelligent feedback. For each detected defect, the system provides repair suggestions and preven-
tive guidance, enabling both quality control and operator support. Overall, this work contributes an efficient
and deployable weld inspection system that improves detection accuracy, reduces manual inspection effort, and
enhances traceability for industrial applications aligned with Industry 4.0 requirements.

2 Background

Weld inspection is an important process in industries such as oil and gas, pharmaceuticals, and structural man-
ufacturing, where safety and reliability are critical. Traditionally, weld quality is assessed manually by inspec-
tors. While widely used, this approach is time-consuming and subjective, and it can lead to inconsistent results.
Recent advances in artificial intelligence and computer vision have enabled automated defect detection systems
that assist and expedite operator-led weld joint inspection. In particular, deep learning-based object detection
models have shown strong performance in identifying visual defects in industrial settings when trained and
fine-tuned on large annotated datasets. This work develops a deep learning-based weld defect detection system
that identifies defects in images and video streams. In addition to detection, the system supports basic reporting
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and logging for traceability and quality tracking in manufacturing workflows. The goal is to improve inspection
consistency, reduce human error, and support more efficient and reliable industrial weld quality control.

3 Methodology

This work proposes a lightweight vision-based framework for automated weld defect detection in intelligent
manufacturing systems. As illustrated in Figure 1, the pipeline consists of image acquisition, preprocessing,
data annotation, YOLOv8n-based model training, and evaluation. The goal is accurate defect detection with
low computational cost for real-time industrial deployment.

Figure 1: Proposed methodology for automated weld defect detection.

3.1 Data Preprocessing and Augmentation

Weld images containing defects such as arc strike, crater pipe, lack of fusion, pinhole, and spatter are collected
during industrial processes. To improve robustness, images are normalized as

Inorm = I −µ

σ+ϵ
(1)

where µ and σ are dataset mean and standard deviation.
Data augmentation is applied using a stochastic transformation function:

I ′ =T (I ) (2)

which includes geometric and photometric variations such as rotation, scaling, flipping, and brightness
changes.

3.2 Detection Model

A YOLOv8n-based detector is used due to its efficiency and anchor-free design. The model learns a mapping:

fθ(I ) → (bi ,ci , si )N
i=1 (3)

where bi is the bounding box, ci is the defect class, and si is the confidence score.
Bounding box overlap is measured using Intersection over Union (IoU):

IoU(b,b∗) = |b ∩b∗|
|b ∪b∗| (4)
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3.3 Training Objective

The model is trained using a multi-task loss:

L =λ1L ∗box+λ2L ∗cls+λ3Ldfl (5)

where Lbox is based on IoU/CIoU, Lcls is classification loss, and Ldfl refines localization.
Performance is evaluated using Precision, Recall, F1-score, and mean Average Precision (mAP). During

inference, the trained model predicts defect locations and categories in real time, enabling efficient weld quality
inspection in industrial environments.

4 Results

This section evaluates the YOLOv8n-based weld defect detection methodology on a multi-class dataset con-
taining Arc Strike, Crater Pipe, Lack of Fusion, Pin Hole, and Spatter defects. YOLOv8n was selected due to
its strong balance between detection accuracy and real-time inference performance. Performance is assessed
using Precision, Recall, F1-score, mAP@0.5, and inference speed (FPS).

4.1 Ablation Study

An ablation study is conducted to evaluate the contribution of each component in the proposed pipeline, includ-
ing normalization, data augmentation, and CIoU-based regression loss. Results in Table 1 show that standard
score normalization improves stability under varying illumination, while data augmentation enhances general-
ization. CIoU loss further improves bounding box accuracy and overall localization performance.

Table 1: Ablation study of key components in the proposed methodology.
Configuration Precision Recall mAP@0.5 F1-score
Baseline (YOLOv8) 88.4 86.1 87.2 87.2
+ Standard Normalization 89.7 87.5 88.6 88.6
+ Data Augmentation 91.2 89.3 90.4 90.2
+ CIoU Loss (Full Model) 93.5 91.8 92.6 92.6

4.2 Comparison with State-of-the-Art Methods

To demonstrate the effectiveness of the proposed method, we compare it with several state-of-the-art object de-
tection models, including Faster R-CNN [Ren et al., 2016], SSD [Liu et al., 2016], YOLOv5 [Jocher et al., 2022],
and YOLOv7 [Wang et al., 2023]. All models are evaluated under the same dataset and experimental settings.

As shown in Table 2, the proposed YOLOv8n-based framework achieves the best trade-off between ac-
curacy and inference speed. While two-stage detectors such as Faster R-CNN provide competitive accuracy,
they suffer from significantly higher computational cost. In contrast, the proposed method maintains real-time
performance while achieving the highest mAP.

Table 2: Comparison with state-of-the-art detection methods.
Method Backbone Precision Recall mAP@0.5 FPS
Faster R-CNN [Ren et al., 2016] ResNet-50 91.8 90.2 90.5 12
SSD [Liu et al., 2016] VGG-16 87.6 85.3 86.1 45
YOLOv5 [Jocher et al., 2022] CSPDarknet 92.1 90.8 91.3 68
YOLOv7 [Wang et al., 2023] E-ELAN 93.0 91.5 92.1 72
Proposed YOLOv8n C2f Backbone 93.5 91.8 92.6 78
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4.3 Qualitative Analysis

This section presents sample results from the welding dataset to visually evaluate the proposed method. Figure
2 shows that the YOLOv8n model successfully detects welding defects with accurate bounding boxes.

The model performs well across different conditions, including changes in lighting, weld texture, and back-
ground noise. It is also able to correctly identify multiple defect classes such as cracks, porosity, lack of fusion,
and spatter. Overall, the qualitative results demonstrate that the model provides reliable and consistent defect
detection, with good localization and correct class predictions, even in challenging cases.

Figure 2: Qualitative analysis of the welding dataset shows promising results for defect detection. The
YOLOv8n model performs effectively in identifying and detecting weld defects.

5 Conclusion & Future Work

This work demonstrates effective weld defect detection using a YOLOv8n-based methodology under standard
industrial conditions. However, performance may degrade in more challenging scenarios such as low illumi-
nation, heavy noise, and partial occlusion. Future work will therefore focus on improving robustness in these
conditions and optimizing the model for real-time deployment on edge and resource-constrained industrial de-
vices. In addition, multi-modal fusion with thermal or infrared imaging will be explored to improve defect
visibility.
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Abstract 

Research in automated emotion recognition from video has traditionally focused on facial expression 
as the primary indicator of emotional state.  More recently, increasing attention has been given to 
incorporating features from body posture and gesture alongside facial expression to improve the 
performance of emotion recognition models.  Although many emotion-labelled video datasets exist, few 
incorporate pose estimation data, and many of those that do are collected in lab-based environments.   

To address this limitation, we introduce a new emotion-labelled pose estimation dataset derived from 
the Multimodal EmotionLines Dataset (MELD).  This dataset combines MELD’s emotion annotations with 
speaker-specific, detailed pose estimation key-points from face, body and hands, extracted from the 
corresponding video recordings.  The MELD-Keypoints v0.1 release contains pose estimation data 
extracted from 4,059 MELD video clips and 283,093 frame-level keypoint records.  To date, 5,601 video 
clips have been processed through the complete extraction pipeline, of which 72.5% successfully produced 
speaker-specific pose data. 

 
Keywords: Emotion Recognition, Computer Vision, Pose Estimation.   

1 Introduction  

Automated emotion recognition is a rapidly growing area of research as seen in the increased number of papers 
published on the topic since 2012 [Pan et al., 2023] with many applications including health and social care, 
education, sentiment analysis and human computer interaction [Pan et al., 2023,  Pereira et al., 2024].  In particular 
there is opportunity to support the care and treatment of people living with conditions such as Parkinson’s disease 
or dementia, in a care home environment where changes in emotional state can be a symptom of the disease and a 
reaction to medication changes; in such cases an automated emotion recognition tool would be useful for monitoring 
emotional wellbeing over time [Song, 2024].  

Humans express emotion through audio, visual, physiological and textual signals and correspondingly there 
are various methods for observing these different signals [Pereira et al., 2024]; taking inspiration from how we as 
humans observe emotion in others this study focuses on visual signals as expressed in video.  There are many 
emotion-labelled video datasets available, some that have been specifically designed for that purpose [Bänziger et 
al., 2012, Busso et al., 2008, Miranda-Correa et al., 2021, Park et al., 2020], and others which have been created 
from existing material like movies or tv shows and adapted for emotion research  [Poria et al., 2019, Dhall et al., 
2012 and Jiang et al., 2020].  A limitation that we observed in some of the lab-based video datasets was that there 
was minimal furniture and often only a single participant, potentially reducing the ability of trained models to 
generalise to real-world setting.  The datasets which used clips from film or television, are acted datasets but the 
settings are usually in real-world type environments, with the challenges that can bring, such as movement around 
and interactions with other people and objects in the environment.   

The main contribution of this paper is MELD-Keypoints, a novel speaker-specific pose estimation extension 
of the Multimodal EmotionLines dataset (MELD).  By combining OpenPose pose estimation with pyppbox-based 
identity tracking, the dataset augments the MELD emotion annotations with detailed key-point data for face, body 

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 136 ISBN 978-1-9195641-0-4



and hands, for the target speaker associated with each utterance.  This provides a new resource for investigating 
multimodal emotion recognition in complex, real-world, multi-person environments. 

2 Related Work 

Historically, emotion recognition research has focused on text analysis, audio signal analysis, physiological signals, 
and in the context of image and video data, primarily on using facial expressions to determine emotion [Lu et al., 
2024].  Data for physiological signals, such as EEG, heart rate and temperature, requires the use of a wearable device 
which often has to touch the skin; the user must remember to wear it and if they find it uncomfortable they may not 
be diligent about doing so [Cai et al., 2023].  The benefit of video data is that it can gather information for everyone 
onscreen including potentially valuable context information about the environment and interactions taking place 
with others; however issues with privacy are a concern as are the challenges of missing data that will occur as a 
result of occlusion as people move around others and furniture or turn away from the camera, as well as people 
moving in and out of the camera field of view [Geetha et al., 2024].  
 Whilst emotion recognition research using image or video data has mainly focused on facial expressions,  
there has been a shift to skeleton-based emotion recognition [Lu et al., 2024].  Humans communicate their emotions 
via facial expressions, and also via their body posture and hand gestures, therefore capturing this type of information 
has the potential to improve emotion categorisation [Lu et al., 2024].  This shift has been aided by the variety of 
methods to obtain skeleton data, whether by using motion capture [Busso et al., 2008], a depth-sensing camera like 
Kinect [Zhang, 2012 and Li et al., 2016] or applying pose estimation tools to RGB video to extract body pose key-
points, such as OpenPose [Cao et al., 2021, Raaj et al., 2019, Simon et al., 2017], AlphaPose [Fang et al., 2023], 
MediaPipe [Bazarevsky et al., 2020].   
 There have been several models created to define emotions and most fall into one of two types: 
categorical or dimensional [Younis et al., 2024].  One of the most popular categorical models known as the 
Ekman model [Ekman and Friesen, 2003], focuses on six main emotions: anger, disgust, fear, happiness, sadness 
and surprise.  This model is frequently used in emotion recognition datasets such as MELD [Poria et al., 2019], 
AFEW [Dhall et al., 2012] and DFEW [Jiang et al., 2020], usually with a seventh category of neutral.   
 Several emotion-labelled datasets including GEMEP, IEMOCAP, AMIGOS and K-EmoCon were collected 
in controlled laboratory environments with limited environmental complexity and participant movement [Bänziger 
et al., 2012, Busso et al., 2008, Miranda-Correa et al., 2021, Park et al., 2020].  In contrast, AFEW and DFEW 
were created from film and television content to support the research of emotion in more natural, real-world 
type environments [Dhall et al., 2012, Jiang et al., 2020].  MELD – Multimodal EmotionLines Datasets [Poria et 
al., 2019],  is a similar ‘in-the-wild’ dataset which contains clips from the tv show ‘Friends’.  A benefit of this 
dataset is that the main 6 characters appear in the majority of the videos, which will provide a large variety of 
emotion data for each of the 6 characters.  Many clips have more than one person in the frame and there is movement 
of people around other people or furniture or turning away from the camera, providing instances of occlusion which 
is something we would expect tackle in real-world situations. 
 Most of these datasets are RGB video datasets and would, therefore, need to be processed through a pose 
estimation tool in order to extract key-point data.  Two exceptions are, IEMOCAP – the Interactive Emotional 
Dyadic Motion Capture Database [Busso et al., 2008], which contains motion-capture data and detailed facial 
markers, and EMILYA [Fourati and Pelachaud, 2014] which focuses on bodily emotion expression and did not 
include facial expression data.  Both datasets were collected in laboratory environments and do not provide the 
combination of natural multi-person interactions and detailed face, body and hand key-points targeted by this work. 

3 Methodology 

In this section we will introduce the dataset that we have chosen to augment with pose estimation key-points for 
face, body and hands and the tools used to accomplish this task. 
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3.1 MELD Dataset 

For this study we selected Multimodal EmotionLines Dataset (MELD) [Poria et al., 2019], a video dataset containing 
13,848 video clips from the TV show Friends.  MELD is an extension of  EmotionLines [Hsu et al., 2018], which 
was created using the scripts from ‘Friends’ which had been divided into  sequences of utterances, with each 
utterance assigned an emotion label, using the Ekman model [Ekman and Friesen, 2003] of 7 emotion categories 
plus neutral and a sentiment label (positive, negative, neutral) making this dataset useful for sentiment analysis and 
emotion categorisation from text. 
 The team that created MELD identified an opportunity to enhance and extend the original EmotionLines 
dataset by including video and audio to enable researchers to explore emotion recognition from visual and audio 
signals as well as text, with potential to combine these signals for multi-modal emotion recognition.  To this end the 
emotion labelling for each utterance was repeated, with a new set of reviewers who read the text, watched the video 
and listened to the audio, before making their assessment.  This new set of reviewers who had the benefit of visual 
and audio signals did in some cases make different decisions to the prior group who relied solely on the text.  
 The MELD dataset contains the video clips of each utterance, which is identified by a video ID, a dialog ID, 
an utterance ID, the name of the person who is saying the utterance, the text of the utterance and an emotion label 
and sentiment label.  In our augmented dataset we have used the emotion label rather than the sentiment label as for 
the purposes of our project, we were more interested in changes in emotion, particularly when applied to a care 
home setting where we would be tracking emotion changes of residents over time.  

3.2 OpenPose 

OpenPose is a 2D pose estimation tool which can detect up to 135 key-points for multiple people and  is capable of 
real-time processing [Cao et al., 2021, Raaj et al., 2019, Simon et al., 2017].  It takes a bottom-up approach, unlike 
tools such as YOLO [Redmon et al., 2016], which first detect people in frame before finding the key-points, 
OpenPose first finds the key-points by using heatmaps to identify body joints (elbows, wrists, knees etc.) and then 
Part Affinity Fields (PAFs) to create vector maps to link the different body joints, before finally pairing joints 
together to create the skeleton. 
 We selected OpenPose because of its three comprehensive key-point models for face, body and hand which 
provided a significant amount of pose estimation data as input to features for emotion recognition models. We also 
chose it for its performance in being able to provide body pose key-points for multiple people on-screen, which is 
the case for many of the videos within the MELD dataset.   

However, as the emotion label for each video in MELD is only connected to the person who says the utterance 
in that video, and there are often multiple people onscreen, pyppbox was selected to  identify, track and extract only 
the key-points for the utterance speaker in each frame.  

3.3 pyppbox 

Pyppbox is an open-source tool that combines several other open-source tools within the PoseTreID framework for 
person detection across multiple frames. [Siv et al., 2020, Siv et al., 2022].  For the Identification module we used 
FaceNet, a facial recognition model, which we pre-trained to recognize the six main characters from Friends, using 
an image dataset from Kaggle [Kalabasi, 2022]. 
 Due to the changes made, the tool was able to process videos and provide an output that contains the frame 
number, the people identified in that frame, an identity label each person, and a bounding box indicating the location 
of that identified person within the frame. 

3.4 Creating a New Augmented Dataset 

The end-to-end process used to create this extension of the MELD dataset with the existing data augmented with 
pose estimation key-points is illustrated in Figure 1.  The MELD video dataset is processed through both OpenPose 
and pyppbox.  OpenPose returns a folder of JSON files for each video, containing a JSON file for every frame and 
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hand, body and face key-points for each person it detects in the frame.  Pyppbox, whose reidentification model 
FaceNet has been pre-trained to recognise the six main Friends characters, will return a text file for each video that 
contains an entry for each person it detects in each frame, an identify label for that person and bounding box and 
mini-frame coordinates. 
 

 
 
 
Combining the Ground Truth files from MELD, the OpenPose output JSON files and the pyppbox output text files; 
for each video it identifies from the MELD ground truth file the target person who has said the utterance and extract 
the bounding box coordinates for that person, for every frame from the relevant pyppbox output text file.  Then 
accessing the corresponding OpenPose JSON file, for each frame, the OpenPose body key-points were used to 
construct a bounding box for each detected individual.  These candidate bounding boxes were compared with the 
pyppbox bound box corresponding to the target speaker.  Matching was performed using a combined score based 
on Intersection over Union (IoU) and the proportion of valid pose key-points located within the pyppbox bounding 
box.  The highest-scoring OpenPose detection was selected and the corresponding face, body and hand key-points 
extracted.  This is then collated into the new dataset that contains the video ID, the identity of the target person and 
the face, body and hand key-points for that person in every frame of the video and the emotion label which was also 
obtained from the MELD ground truth file. 

4  Results 

All 13,848 MELD video clips have been processed through OpenPose, with a single failure caused by a corrupted 
video clip.  To date 5,607 video clips have been processed through pyppbox, again with the same single failure.    
Combining the available OpenPose and pyppbox outputs produced 5,601 successfully processed videos, from which 
4,059 speaker-specific videos were added to the MELD-Keypoints v0.1 dataset, representing 72.5% of the processed 
videos.  The remaining 1,542 videos were excluded because the target speaker was not one of the six principal 
characters, could not be identified by pyppbox, or due to missing data. All exclusions were recorded in tracking 
tables for subsequent analysis. 
 

Figure 1: End-to-End Process to create new version of MELD 
dataset augmented with detailed pose estimation key-points 
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Split MELD 
Videos 

OpenPose 
Outputs 

Pyppbox 
Outputs 

MATLAB 
Processed 

Videos Added to 
New Dataset 

Dev 1,112 1,112 1,112 1,111 829 
Test 2,747 2,747 1,000 1,000 732 
Train 9,989 9,988 3,495 3,490 2,498 
Total 13,848 13,847 5,607 5,601 4,059 

   
    
The current release is MELD-Keypoints v0.1 and the link to download this version of the dataset and associated 
MATLAB processing framework, is publicly available through a GitHub Repository1.   

We have carried out an initial analysis of the balance of classes and character distribution of the current 
dataset. 
 

Emotion Count % 
Neutral 1832 45.10% 

Joy 632 15.60% 
Anger 538 13.30% 

Surprise 503 12.40% 
Sadness 296 7.30% 

Fear 132 3.30% 
Disgust 126 3.10% 

Total 4059 100% 

 

Character Count % 
Ross 785 19.30% 
Joey 728 17.90% 

Phoebe 663 16.30% 
Chandler 653 16.10% 

Monica 636 15.70% 
Rachel 594 14.60% 
Total 4059 100% 

 

5  Discussion 

The current MELD-Keypoints v0.1 release demonstrates that large-scale speaker-specific key-point extraction from 
MELD is feasible. The extraction pipeline successfully generated pose data for 4,059 videos and 283,093 frame-
level records, corresponding to 72.5% of the videos processed through the complete pipeline. 
 Whilst there are other emotion recognition video datasets with accompanying pose estimation data available, 
these have been typically lab-based with acted out emotions [Busso et al., 2008].  However MELD, whilst being an 
acted dataset, is set in real-world type environments like living rooms, coffee shops and offices, with people moving 
around furniture and other people, similar to what we would expect to observe in a true real-world dataset, such as 
in a care home setting.  The occlusion which occurs when one person moves in front of another or turns away from 
the camera is something we are keen to investigate and is a benefit of this dataset, firstly because these are typical 
scenarios in the original MELD dataset, but also that the OpenPose has shown good performance at handling 
occlusions and the reidentification and tracking elements of pyppbox have ensured that even when a person turns 
away from the camera, if they have previously been identified, then they continue to be tracked and linked to that 
identify and the key-point data that is still visible can be extracted, for example we may be missing some or all of 
the face key-points when they turn away but we still have body and hand key-points.  This gives us scope to 
investigate how to handle occlusion in an emotion recognition system.  
 OpenPose was selected for its comprehensive key-point models for face, body and hand and its ability to 
return results for multiple people and handle occlusions well, however when we have carried out the next stage of 
our study to consider which combination of features from face, body and hands works best for emotion recognition, 

 
1 https://github.com/CSempey/MELD-Keypoints 

Table 1: Progress of new dataset generation  

Table 2: Emotion Label Distribution  Table 3: Character Distribution  
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this will allow us to assess if we need this level of key-point detail and whether an alternative, less detailed pose 
estimation model would be sufficient. 

Although the scenarios are acted the emotions expressed are  recognisable, though we would anticipate that 
any emotion recognition models trained on this data would be fine-tuned on datasets similar to the type the models 
would be used on, for example, care home video data. 

A major factor limiting dataset coverage is that the FaceNet model used within pyppbox was trained only on 
the six principal Friends characters. Consequently, pose data can only be extracted when the target speaker belongs 
to this group.  Although as we saw in MELD-Keypoints v0.1, data for these 6 main characters has accounted for 
72.5% of the data processed so far.  Expanding the facial recognition model to additional recurring characters is 
expected to increase coverage in future releases. 

Looking further ahead, once we have created a suitable emotion recognition model, as we already have 
OpenPose key-point data for everyone in the video, there is an opportunity use the model to expand the dataset to 
incorporate emotion labels for everyone onscreen, enabling further research into emotion within groups.  It is even 
possible to combine the data for sequence of videos that belong to the same dialog, so that you could look at emotion 
changes during conversation or over a longer period of time than just an utterance. 

6  Conclusions 

In this paper we have highlighted the need for large-scale, good quality emotion-labelled video datasets augmented 
with pose estimation data, set in real-world type environments with multiple people interacting and moving around 
other people and furniture, causing occlusion, moving in and out of camera view; this would support the 
development of emotion recognition models that could be more readily applied to a real-world environment.  To 
address this need, we introduced MELD-Keypoints, a speaker-specific extension of the MELD video dataset  that 
augments existing emotion annotations with face, body and hand key-points extracted using OpenPose and linked 
to identified speakers using pyppbox. The current MELD-Keypoints v0.1 release contains pose data for 4,059 videos 
and 283,093 frame-level key-point records. By providing emotion labels together with detailed facial, body and 
hand motion data in complex social scenes, MELD-Keypoints represents a valuable resource for future multimodal 
emotion recognition research 
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Bundled Feature Encoding: A Shift-Tolerant Image Representation
for Hyperdimensional Computing
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Abstract

Hyperdimensional Computing (HDC) is a brain-inspired, lightweight machine learning paradigm that
represents information using high-dimensional vectors. While HDC has shown significant promise in com-
puter vision, the field currently lacks a robust and consistent framework for encoding image data. Exist-
ing whole-picture pixel-encoding methods are highly sensitive to spatial shifts, viewpoint variations, and
background redundancy, strictly limiting their viability for real-world robotic perception. To address these
limitations, this paper introduces Bundled Feature Encoding (BFE), a novel framework comprising three
distinct methods: Column-Based, Row-Bundled, and Block-Bundled Feature Encoding. By binding distinct
pixel segments into robust spatial features before bundling them into a single global image hypervector,
BFE captures structural information that remains stable under perspective shifts and inherent camera noise.
Experimental evaluations using real-world robotic navigation data demonstrate that one-dimensional BFE
approaches, particularly row and column bundling, significantly improve similarity preservation during con-
tinuous movement while reliably maintaining orthogonality for dissimilar scenes. These results highlight
BFE’s potential as an efficient, shift-tolerant encoding paradigm for autonomous mobile robot vision and
other resource-constrained perception systems.

Keywords: Hyperdimensional computing, Vector Symbolic Architecture, Computer Vision, Image Encoding,
Feature Recognition

1 Introduction

Hyperdimensional Computing (HDC), also known as Vector Symbolic Architecture (VSA), is an emerg-
ing computational paradigm inspired by the distributed representations found in biological neural systems
[Kleyko et al., 2023a, Plate, 1995, Kanerva, 1996, Gayler, 1998]. Information is encoded using very high-
dimensional vectors whose statistical properties enable robustness to noise, efficient similarity compari-
son, and lightweight learning. These characteristics make HDC an attractive alternative to conventional
machine-learning approaches, particularly for resource-constrained platforms such as mobile robots and em-
bedded systems.

Despite growing interest in applying HDC to vision tasks, image encoding remains one of the least mature
areas in the field [Kleyko et al., 2023b]. Existing methods typically fall into three categories: pixel-based
encoding, feature-enhanced encoding, and hybrid neural–HDC approaches. Pixel-position encoding, while
conceptually simple, suffers from extreme sensitivity to spatial shifts, viewpoint changes, and background
redundancy. Hybrid methods improve accuracy but sacrifice the computational efficiency that makes HDC
appealing. Feature enhanced encoding methods have mainly been used to develop inputs for image classifiers
which calculate the most likely match between hypervectors. Hybrid methods have been developed as high
efficiency alternatives to deep neural networks and perform moderate to well with far less computational cost.
Although all these HDC image encoding strategies often use feature extraction, they may not work well for
the direct image matching required for tasks such as Visual Place Recognition (VPR), a process where a robot
determines its current location by matching its live camera view against a stored database of previously seen
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images. As a result, there is a lack of practical frameworks for hyperdimensional encoding of images in a
way that preserves meaningful structure while remaining lightweight for robotic applications. Therefore, this
paper introduces Bundled Feature Encoding (BFE), a novel technique designed to address these limitations
by capturing stable features that remain consistent across viewpoint variations. The method aims to improve
robustness while maintaining the efficiency required for real-time robotic perception.

2 Hyperdimensional Computing

Binary hypervectors are a predominant representation scheme in Hyperdimensional Computing (HDC), rely-
ing on four core operations: similarity measurement, bundling, binding and permutation [Gayler, 1998]. Binary
hypervector representations are generally preferred over bipolar, real, and complex hypervectors because com-
puting devices can execute binary operations much more efficiently. An example of a binary vector is illustrated
in Equation (1), when it’s dimension d (number of bits) is sufficiently large (typically 10,000), it is called a
hypervector.

v ∈ {0,1}d : [v = (0,0,1,0,1,1,0, . . . ,0)] (1)

Hypervectors possess unique mathematical properties that enable robust, highly distributed information
encoding. For binary hypervectors, comparing vectors is highly hardware-efficient using normalised Hamming
similarity, which measures the proportion of matching bits. In high-dimensional spaces, randomly generated
vectors are inherently orthogonal; they are completely uncorrelated and typically share 50% of their bits (a
similarity of 0.5). A similarity of 1 indicates identical vectors, whereas a similarity of 0 means the vectors are
exact complements (a bitwise XOR of the two would yield a vector of 1s).

Bundling creates a single hypervector that represents a set or collection of multiple hypervectors. For binary
hypervectors, bundling is achieved via component-wise majority voting. In the event of a tie, the result is
assigned either stochastically (randomly) or deterministically (e.g., biased toward zero). This process ensures
the resulting hypervector remains the same dimensionality as its members. In a bundled hypervector, each
component (bit for binary) matches the corresponding component of its constituents with a probability greater
than 0.5. Consequently, the bundled representation maintains a measurable similarity to each of its constituent
vectors. Although individual bits may be flipped by the majority-vote process, acting as local interference,
the massive scale of high-dimensional space ensures that the overall similarity remains statistically stable and
reliable. This “holographic” property allows bundling to reliably encode relationships and sets.

Binding is the operation used to associate two hypervectors, creating a compositional representation of a
relationship. This is typically used to form role/filler pairs, key/value associations, or symbol/attribute links,
such as binding the attribute “red” to the object “circle”. For binary hypervectors, binding is implemented as a
bitwise Exclusive OR (XOR) operation as illustrated in Equation (2).

C = A⊕B (2)

The binding operation is characterised by two essential properties: orthogonality and invertibility. First,
binding acts as a similarity-destroying (information-scrambling) transformation where the resulting hypervector
C is dissimilar to both operands A and B. Specifically, if B is a random hypervector, C shares approximately 50%
of its bits with A, rendering the vectors orthogonal in high-dimensional space. This stochastic behaviour ensures
that binding binary hypervectors produces a result that does not interfere with the identity of its constituents.
Second, the operation is invertible because XOR is its own inverse. This makes unbinding straightforward:
knowing one operand allows recovery of the other via A = C⊕B, enabling the reliable retrieval of encoded
information.

Permutation in hyperdimensional computing provides a consistent, reversible method for encoding se-
quence and structure. While mathematically representable by complex permutation matrices, practical
HDC almost exclusively employs a simple circular shift of the vector’s components for hardware efficiency
[Schlegel et al., 2022] (e.g., an order-1 shift moves (a,b,c,d ,e) to (b,c,d ,e, a)). Crucially, the permutation

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 145 ISBN 978-1-9195641-0-4



operation is invertible, distributes over component-wise operations, and acts as an information scrambler, pro-
ducing a vector that is completely dissimilar to the original.

With these foundational operations established, hyperdimensional computing can be applied to encode
complex, real-world data. Whole-image Pixel Position Encoding (WPPE) encodes an image by combining
pixel intensities and their coordinates [Mitrokhin et al., 2019, Kleyko et al., 2019]. A set of hypervectors is
generated to represent pixel intensities (256 is typical for an 8-bit image). The entire set can be orthogonal by
generating random hypervectors, or the similarity between intensities can be controlled by generating only one
random hypervector for the lower bound (zero) interval. The next hypervector is then produced by randomly
flipping bits in the hypervector, a flip probability can be adjusted to control how similar the neighbouring
hypervectors are. This is repeated across the full set. The Hamming similarity of the hypervectors representing
the 256 greyscale intensity values can be visualised using heatmaps, as shown in Figure 1. The three figures
illustrate the effect of different flip probabilities on the representational similarity. Figure 1(a) uses a flip
probability of 0.5, resulting in random, orthogonal hypervectors for all distinct grey values (shown as a uniform
dark background with a similarity of 0.5) and a sharp, 1-pixel-wide diagonal line where identical values have
a similarity of 1.0. Figure 1(b) shows that reducing the flip probability to 0.015 preserves similarity between
close shades of grey while leaving non-similar shades orthogonal. Finally, Figure 1(c) demonstrates that a flip
probability of 0.0045 creates a wider, smoother band of similarity across the intensity range, with only the most
distant pixel intensities approaching orthogonality.

(a) (b) (c)

Figure 1: Heatmaps illustrating the Hamming similarity between hypervectors representing 256 greyscale in-
tensity values at different flip probabilities.

To encode spatial positions, the base intensity hypervector for each pixel is systematically permuted (cir-
cularly shifted). The total shift amount is determined by the pixel’s x and y coordinates. To prevent spatial
collisions, where different coordinate pairs might accidentally produce the same total shift, a prime number
multiplier (e.g., P = 31) is applied to one of the axes to mathematically differentiate them. Finally, the complete
image is represented as a single global hypervector by bundling all of these spatially permuted pixel vectors
together using majority rule.

This WPPE approach can result in a massive number of bound features in the high-dimensional space. For
larger images, the majority of the data might be considered background, leading to significant redundancy or
recognition errors. The positional encoding of each pixel makes image recognition extremely sensitive to small
spacial shifts of the image. Thus, the encoding fails to capture and compress meaningful semantic data. Instead,
the accumulated noise dilutes the actual structural information relevant for classification and adds to the com-
putational load. Consequently, pixel-based encoding encounters a performance ceiling, struggling significantly
with classification tasks that require discernment of complex, localised features, necessitating the development
of more sophisticated methods like feature enhanced and hybrid approaches. To unlock HDC’s true poten-
tial for computer vision, the encoding strategy must shift from rigidly memorising exact pixel coordinates to
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binding and bundling resilient structural segments that remain stable even when the perspective changes.

3 Methodology

To overcome the extreme spatial sensitivity of traditional Whole-image Pixel Position Encoding (WPPE), this
paper introduces and evaluates three novel encoding techniques based on localised structural feature detection:
Column Bundled Feature Encoding (CBFE), Row Bundled Feature Encoding (RBFE), and Block Bundled
Feature Encoding (BBFE). Rather than strictly encoding absolute, single-pixel coordinates, these methods bind
one- or two-dimensional segments of the image using vertical columns, horizontal rows, or discrete blocks,
respectively, into recognisable structural features. These extracted features are then bundled to generate a
global, spatially robust image representation. The primary hypothesis is that extracting specific directional
structures provides targeted invariance to viewing angle shifts; for instance, capturing only vertical features
(CBFE) should yield invariance to horizontal perspective shifts, whereas horizontal features (RBFE) may prove
robust against vertical panning or camera pitch changes. This study first details the mechanics of these three
approaches, followed by experimental evaluation of their performance, computational efficiency, and sensitivity
limits using highly similar real-world image datasets.

Across all approaches, the process begins by generating a base dictionary of 256 pixel-intensity hypervec-
tors based on selected flip probabilities. Every pixel in the image is then mapped to its corresponding intensity
hypervector. For Column-Based Feature Encoding (CBFE), we extract spatial information using a vertical slid-
ing window. As illustrated in Figure 2, this window isolates a specific sequence of pixels, such as a 5-pixel
vertical column. To preserve the spatial order within this column, a circular shift (permutation) is applied to
each pixel’s hypervector based on its vertical position. The top pixel’s hypervector remains unchanged (zero
shift), the second is shifted by one position, the third by two, and so on. These permuted hypervectors are
then bound together to create a single, unique hypervector that represents that specific column feature. This
sliding window moves sequentially to capture features across the entire image. Thus when processing a 30 x
30 pixel image with a 5-pixel vertical window we require 30 x 25 column features. Once all column features
are extracted, their respective hypervectors are bundled together to produce a single composite hypervector that
represents the entire image.

The primary advantage of this approach is its robustness to perspective shifts. By exclusively capturing
vertical features, the CBFE method achieves greater invariance to changes in the viewing angle. In contrast,
horizontal features tend to skew or distort when the angle changes, which disrupts similarity matching in stan-
dard pixel-based encoding methods.

Figure 2: For CBFE, short columns of pixels are bound (5 pixel windows are illustrated in this image). This is
repeated for the entire image. The full set is then bundled to produce the final image hypervector.

Row Bundled Feature Encoding (RBFE) directly adapts the principles of the CBFE technique by extracting
spatial features along horizontal pixel rows rather than vertical columns. By prioritising horizontal spatial struc-
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tures, RBFE is specifically designed to achieve invariance against vertical movement and changes in camera
pitch. Under such conditions, vertical features are prone to skewing and distortion, whereas horizontal features
remain relatively stable, thereby preserving the structural integrity required for accurate similarity matching.

Block Bundled Feature Encoding (BBFE) expands upon the one-dimensional approaches of CBFE and
RBFE by extracting two-dimensional spatial features. This method utilises a sliding window to capture over-
lapping 2D blocks of pixels, such as an 8× 8 pixel region, as individual features. To preserve the precise
2D spatial arrangement within each block, both the horizontal (x) and vertical (y) positions of every pixel
must be explicitly encoded. Similar to Whole Picture Pixel Encoding (WPPE), this is achieved using position-
dependent permutation shifts, incorporating a prime number multiplier to mathematically distinguish the x-
coordinates from the y-coordinates during the shifting process. Once the pixels within a block are positionally
encoded, their respective hypervectors are bound together to generate a single feature hypervector representing
the structural composition of that specific 8×8 region. As the window traverses the image, the resulting feature
hypervectors for all overlapping blocks are subsequently bundled to form the final composite hypervector for
the entire image. This 2D block approach presents a clear theoretical trade-off in hyperdimensional system
design. On one hand, it significantly enhances the representation of complex, two-dimensional structural infor-
mation, theoretically making it more robust to simultaneous shifts in multiple directions. On the other hand,
this high-fidelity structural capture comes at a substantially higher computational cost, as permuting, binding
and bundling overlapping multi-dimensional arrays requires exponentially more operations than the 1D column
or row methods.

To mitigate computational overhead during the feature extraction process, the stride of the sliding window
can be adjusted. In the standard implementation, a baseline stride of 1 is utilised, meaning the window advances
by a single pixel each time to capture a highly dense, overlapping set of spatial features. However, to systemat-
ically reduce the required number of hyperdimensional binding and bundling operations, larger stride intervals,
for example strides of 2 and 5, can be introduced. By increasing the stride, the window skips intermediate
pixels between extractions, which significantly decreases the total volume of feature hypervectors generated
per image.

4 Results and Evaluation

To evaluate the encoding and recognition capabilities of CBFE, RBFE, and BBFE, we utilised a subset of the
Multi-Domain Dataset for Robots (MDDR) [Wozniak et al., 2025], samples of which are shown in Figure 3.
This subset comprises an 800-frame video sequence captured by a robot-mounted Pi camera navigating a loop-
ing corridor. The dataset provides an excellent testbed for these encoding methods due to its subtle inter-frame
movements and realistic sensor noise, such as auto-exposure adjustments and white balance drift.

(a) Frame 0 (640×480) (b) Frame 0 (48×36) (c) Frame 100 (48×36)

Figure 3: Sample frames from the MDDR sequence illustrating the resolution downsampling and corridor
movement. (a) The initial reference frame at full 640×480 pixel resolution. (b) The same initial frame down-
sampled to 48×36 pixels to reduce computational overhead. (c) Frame 100 downsampled to 48×36 pixels,
demonstrating the visual change after robot movement.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 148 ISBN 978-1-9195641-0-4



During the first 20 frames, the robot remains entirely stationary. Although these initial images appear
visually identical to the human eye, yielding a Structural Similarity Index Measure (SSIM) of approximately
0.99, direct pixel-to-pixel comparisons at the full 640× 480 resolution reveal that only 3.4% to 22% of the
pixels actually match. This underlying variance makes this stationary period highly useful for benchmarking
the similarity of the encoded hypervectors. Finally, to mitigate the significant computational overhead that high
image resolutions impose on hyperdimensional processing, all images were downsampled from their native
640× 480 resolution to 48× 36 pixels using the LANCZOS resampling filter from the Python Pillow (PIL)
library prior to encoding.

The performance of the encoding techniques (CBFE, RBFE, and BBFE) is heavily influenced by the size of
the spatial features extracted by the sliding window. Using the 800-image sequence from the MDDR dataset,
we analysed the effects of varying feature dimensions, specifically column length, row length, and block size.
For all evaluations discussed in this section, the greyscale flip probability was fixed at 0.01. This value was
established to provide an optimal balance: it ensures neighbouring greyscale intensities share enough similarity
to mitigate realistic camera noise (such as auto-exposure drift), while preventing the hypervectors from blend-
ing into complete uniformity. In these evaluations, each frame is encoded into a composite hypervector and
compared against the reference hypervector of the initial frame (Image 0). The sequence consists of a station-
ary period for the first 20 frames, where high Hamming similarity (> 0.8) is expected despite camera noise,
followed by physical robot movement, where similarity should ideally drop to ≈ 0.5 (orthogonality) to indicate
that the scene has changed.

Figure 4: The effect of varying feature dimensions on normalized Hamming similarity. The top row (a, b,
c) shows the full 800-image sequence for each encoding method, while the bottom row (d, e, f) provides a
truncated view of the first 100 frames to highlight the system’s sensitivity during the transition from a stationary
camera to physical movement. All plots maintain a constant greyscale flip probability of 0.01.

Column-Based Feature Encoding (CBFE): Figure 4(a) illustrates the impact of column size. When a
shorter feature column of 22 pixels (blue line) is used, the system exhibits spurious recognition later in the
sequence, with similarity frequently spiking above 0.5 when it should be orthogonal. Increasing the column
size to 32 pixels (red line) successfully suppresses this noise. The truncated plot reveals that for the 32-pixel
column, similarity remains high during the stationary phase (frames 0–20) before sharply and consistently
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dropping to ≈ 0.5 once movement begins, indicating reliable differentiation of new scenes.
Row Bundled Feature Encoding (RBFE): RBFE demonstrates a higher susceptibility to false similarity

than CBFE. As shown in Figure 4(b), horizontal feature extraction struggles to maintain orthogonality with
shorter rows; both the 22-pixel and 32-pixel row sizes show significant false positive spikes throughout the
800-frame sequence. To achieve the stable baseline orthogonality (≈ 0.5) seen in the CBFE method, RBFE
requires a significantly larger feature window, specifically a row size of 42 pixels (red line).

Block Bundled Feature Encoding (BBFE): The 2D spatial extraction of BBFE presents a distinct sen-
sitivity profile, as seen in Figure 4(c). A small block size, indicated as 4 pixels (blue line), fails entirely to
differentiate the shifting corridor, resulting in extreme false-positive recognition (similarity ranging from 0.6
to > 0.8) long after the robot has moved. Conversely, a block size of 10 pixels (red line) perfectly suppresses
this late-sequence noise, remaining strictly orthogonal for non-matching images. However, the truncated plot
highlights the theoretical trade-off of 2D block encoding: the high structural fidelity of a larger block makes
it highly sensitive to the natural camera noise present even in the first 20 stationary frames, causing a much
sharper initial drop in similarity compared to the 1D methods.

In the context of Visual Place Recognition (VPR), determining the spatial extent a robot can travel before
the current view diverges from the reference image is critical for establishing an efficient keyframe capture strat-
egy. To maintain continuous localisation, a new reference image must be captured just before the normalised
Hamming similarity degrades to the orthogonal noise floor of approximately 0.5. Based on the optimal, noise-
suppressing feature dimensions identified in Figure 4 (the red plots), the permissible travel distance varies
significantly depending on the encoding technique used. As the robot is stationary for the first 20 frames, phys-
ical translation only commences at frame 21. Block Bundled Feature Encoding (BBFE) with a 10-pixel block
exhibits extreme structural sensitivity; upon movement, its similarity drops to the 0.5 noise floor almost imme-
diately (within 5 to 10 frames of motion). This indicates that while BBFE is highly precise, it requires dense,
frequent keyframing. Column-Based Feature Encoding (CBFE) with a 32-pixel column provides a moderate
tolerance to movement and maintains a similarity above the noise threshold for approximately 15 to 20 frames
of movement before bottoming out near frame 40. Conversely, Row Bundled Feature Encoding (RBFE) with a
42-pixel row demonstrates the widest perceptual tolerance to the forward motion characteristic of this corridor
dataset. It sustains a similarity above 0.6 for nearly 25 frames of continuous movement, only decaying to the
noise floor around frame 45. Consequently, while BBFE enforces strict spatial bounds ideal for pinpoint accu-
racy, RBFE allows for a much sparser mapping strategy, significantly reducing the memory footprint required
over extended travel trajectories.

Overall, the findings highlight a fundamental trade-off in hyperdimensional feature extraction. While ex-
panding feature dimensions is necessary across all methods to reliably suppress false positives and ensure
non-matching images are recognised as orthogonal, it simultaneously amplifies the system’s sensitivity to in-
herent sensor noise during static scenes. This vulnerability is most pronounced in multi-dimensional block
encoding (BBFE), which enforces strict structural fidelity at the cost of rapid similarity degradation. Conse-
quently, the choice of encoding method directly dictates the operational strategy for Visual Place Recognition:
highly sensitive methods like BBFE offer pinpoint precision but demand dense, frequent keyframing, whereas
one-dimensional approaches like RBFE provide wider perceptual tolerance, enabling a more memory-efficient,
sparse mapping strategy.

5 Conclusion

This work introduced Bundled Feature Encoding as a lightweight Hyperdimensional Computing method to im-
prove robustness in visual recognition tasks. By extracting structural information via sliding windows, Column-
Based (CBFE) and Row Bundled Feature Encoding (RBFE) successfully provide targeted spatial invariance,
overcoming the strict pixel-to-pixel limitations of Whole Picture Pixel Encoding (WPPE). Notably, the one-
dimensional extraction of CBFE and RBFE provides greater perceptual tolerance and spatial invariance com-
pared to the rigid, two-dimensional Block Bundled Feature Encoding (BBFE), which suffers from significant
computational overhead and extreme sensitivity to movement.
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Theoretically and empirically, the orientation of the feature window dictates the system’s targeted invari-
ance. CBFE demonstrates resilience to horizontal perspective shifts, performing well when the robot turns.
Conversely, RBFE exhibits superior robustness to vertical camera panning and pitch changes. Crucially, in
forward-translating environments, RBFE demonstrates the widest spatial tolerance, sustaining accurate image
recognition significantly longer than CBFE or BBFE as the robot advances.

While hyperdimensional encoding remains sensitive to small variations in lighting and camera auto-
exposure micro-adjustments, this was successfully mitigated by tuning the greyscale flip probability (e.g., 0.01)
to increase intensity similarity, alongside expanding the spatial dimensions of the feature windows. How-
ever, our analysis reveals a fundamental trade-off: while larger feature dimensions successfully suppress false-
positive recognition between differing scenes, they simultaneously amplify the system’s fragility to static sensor
noise. This trade-off directly informs the operational strategy for real-world applications such as Visual Place
Recognition (VPR). The strict structural fidelity of BBFE demands dense, frequent keyframing, whereas the
wider tolerance of RBFE enables a highly memory-efficient, sparse mapping strategy. Overall, the results
demonstrate that one-dimensional feature bundling provides the most balanced, efficient, and reliable approach
for lightweight robotic vision systems.

Acknowledgement

This work was supported by the Northern Ireland Department for the Economy Postgraduate Studentship
scheme.

References

[Gayler, 1998] Gayler, R. W. (1998). Multiplicative binding, representation operators & analogy. In Advances
in Analogy Research: Integration of Theory and Data from the Cognitive, Computational, and Neural Sci-
ences, pages 1–4.

[Kanerva, 1996] Kanerva, P. (1996). Binary spatter-coding of ordered k-tuples. Lecture Notes in Computer
Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics),
1112 LNCS:869–873.

[Kleyko et al., 2019] Kleyko, D., Gayler, R. W., and Osipov, E. (2019). Learning sensorimotor control with
neuromorphic sensors: Toward hyperdimensional active perception. Science Robotics, 4:1.

[Kleyko et al., 2023a] Kleyko, D. V., Rachkovskij, D. A., Osipov, E., and Rahimi, A. (2023a). A survey on
hyperdimensional computing aka vector symbolic architectures, part i: Models and data transformations.
ACM Computing Surveys, 55(6).

[Kleyko et al., 2023b] Kleyko, D. V., Rachkovskij, D. A., Osipov, E., and Rahimi, A. (2023b). A survey on
hyperdimensional computing aka vector symbolic architectures, part ii: Applications, cognitive models, and
challenges. ACM Computing Surveys, 55(9):175.

[Mitrokhin et al., 2019] Mitrokhin, A., Sutor, P., Fermüller, C., and Aloimonos, Y. (2019). Learning sensori-
motor control with neuromorphic sensors: Toward hyperdimensional active perception. Science Robotics.

[Plate, 1995] Plate, T. A. (1995). Holographic reduced representations. IEEE Transactions on Neural Net-
works, 6:623–641.

[Schlegel et al., 2022] Schlegel, K., Neubert, P., and Protzel, P. (2022). A comparison of vector symbolic
architectures. Artificial Intelligence Review, 55:4523–4555.

[Wozniak et al., 2025] Wozniak, P., Krzeszowski, T., and Kwolek, B. (2025). Multi-domain indoor dataset for
visual place recognition and anomaly detection by mobile robots. Scientific Data 2025 12:1, 12:817–.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 151 ISBN 978-1-9195641-0-4



KeyJoint-STGCN: Keypoint-Based Spatio-Temporal Graph Learning
for Monocular Trajectory Prediction

Patitapaban Palo, Satyajit Nayak, Kwanit Gupta, Satarupa Uttarkabat, Ganesh Sistu, Mohamed
Tarek Ali

anSWer, Valeo India Private Limited, Chennai, India.

University of Limerick, Ireland

Abstract

Autonomous driving systems require robust motion understanding capabilities to ensure safe navigation
in highly dynamic traffic environments. Accurate trajectory prediction of pedestrians and vehicles from
monocular vision remains challenging due to viewpoint variations, occlusions, heterogeneous interactions,
and complex scene dynamics. This paper presents KeyJoint-STGCN, a keypoint-driven spatio-temporal
graph learning framework for monocular trajectory prediction in traffic scenes. The proposed approach first
employs OpenPifPaf to estimate and track semantic keypoints of pedestrians and vehicles from monocular
video sequences. These keypoints are then represented as graph nodes enriched with spatial position and
temporal velocity features. A Spatio-Temporal Graph Convolutional Network (STGCN) is subsequently
used to model motion dynamics and forecast future trajectories. To capture heterogeneous interactions
among multiple road entities within the same frame, the framework constructs a multigraph representation
with multiple edge connections encoding spatial and temporal dependencies at the keypoint level. The pro-
posed method is evaluated on publicly available autonomous driving datasets, including JAAD, nuScenes,
and BDD100K. Experimental results demonstrate that the proposed keypoint-centric graph representation
improves trajectory forecasting performance and generalization capability compared with existing state-of-
the-art trajectory prediction methods. The proposed framework highlights the effectiveness of combining
semantic keypoint reasoning with spatio-temporal graph learning for intelligent transportation and computer
vision applications.

Keywords: Keypoint-based representation, Monocular vision, Multi-agent interaction, Spatio-temporal graph
convolution, Trajectory prediction.

1 Introduction

Figure 1: Overview of Proposed KeyJoint-STGCN

Trajectory prediction is an important research prob-
lem in computer vision and intelligent trans-
portation systems due to its applications in au-
tonomous driving, Advanced Driver Assistance
Systems (ADAS), and traffic scene understanding
[Ratre and Joshi, 2025]. Predicting the future mo-
tion of pedestrians and vehicles enables autonomous
agents to better interpret dynamic environments and
improve decision-making in complex urban traffic
scenarios. However, accurate trajectory forecasting
remains challenging because of behavioural uncer-
tainty, occlusions, environmental variability, and het-
erogeneous interactions among multiple road users,
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Figure 2: Proposed KeyJoint-STGCN Framework: The key joints detection process is done using the OpenPif-
Paf method, and the subsequent construction of a spatio-temporal graph for trajectory prediction. The graph is
further enhanced using a multigraph approach. The STGCN is then employed to model temporal and spatial
dependencies efficiently.

particularly in monocular vision settings briefed in
Fig. 1 where depth perception is limited [Karle et al., 2022].

Recent deep learning approaches, including Social-GAN and Social-STGCNN [Xie et al., 2024], have
demonstrated promising performance by modeling temporal dependencies and social interactions among agents.
Similarly, graph-based methods such as GNNs and STGCNs have shown strong capability in learning spatial
and temporal relationships in trajectory prediction tasks [Hsu and Chen, 2025]. Nevertheless, most existing ap-
proaches rely on coarse object-level representations, such as centroids or bounding boxes, and primarily focus
on pedestrian prediction. As a result, they often fail to capture fine-grained articulated motion dynamics and
semantic interaction cues that are critical in complex traffic environments involving heterogeneous road entities
[Luo et al., 2024].

Pose and keypoint estimation methods, including OpenPose, and OpenPifPaf [Lambricht et al., 2025], pro-
vide expressive representations of articulated motion and have shown effectiveness in action recognition and
pedestrian intention analysis. However, semantic keypoint information remains underexplored in trajectory
prediction frameworks, particularly for multi-class road-user interaction modeling in monocular driving sce-
narios.

To address these limitations, this paper proposes KeyJoint-STGCN, a keypoint-based spatio-temporal graph
learning framework for monocular trajectory prediction. The proposed method employs OpenPifPaf [Kreiss et al., 2021]
to estimate and track 17 human body keypoints and 24 vehicle semantic keypoints (via the pre-trained Apollo-
Car3D model checkpoint) from monocular video sequences. These keypoints are represented as graph nodes
with position and velocity features, while a multigraph interaction strategy is introduced to model heteroge-
neous spatial and temporal dependencies among road entities at the keypoint level. Subsequently, a Spatio-
Temporal Graph Convolutional Network (STGCN) is utilized to learn motion dynamics and forecast future
trajectories [Kahl et al., 2026].

An overview of the proposed framework is illustrated in Fig. 2. Unlike existing approaches that depend on
multi-sensor fusion or bird’s-eye-view representations, the proposed framework operates entirely on monocular
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front-view camera input, reducing computational complexity while maintaining efficient motion representa-
tion capability. The proposed method is evaluated on publicly available autonomous driving datasets, namely
JAAD, nuScenes, and BDD100K [Kotseruba et al., 2016, Caesar et al., 2020, Yu et al., 2020]. Experimental re-
sults demonstrate improved trajectory prediction accuracy and generalization capability compared with existing
state-of-the-art methods.

The pivotal research contributions of this work are summarized as follows:

• A novel keypoint-centric STGCN framework for monocular pedestrian and vehicle trajectory prediction.

• A multigraph interaction modeling strategy for capturing heterogeneous spatial and temporal dependen-
cies at the semantic keypoint level.

• An efficient monocular vision-based trajectory prediction pipeline without relying on multi-sensor fusion
architectures.

• Extensive validation on benchmark autonomous driving datasets demonstrating improved forecasting
performance over state-of-the-art approaches.

2 Proposed Methodology: KeyJoint-STGCN

The proposed KeyJoint-STGCN framework consists of three major stages: semantic keypoint detection, spatio-
temporal multigraph construction, and trajectory prediction using a Spatio-Temporal Graph Convolutional Net-
work (STGCN). An overview of the framework is illustrated in Fig. 2.

2.1 Problem Formulation

Given M dynamic road entities observed over previous time steps {Tn−10, ...,Tn−1}, the objective is to predict
their future trajectories at time Tn+∆n . Each entity is represented using semantic key joints instead of coarse
object-level centroids. For each key joint, the feature vector is defined as:

qi = {xi , yi , vx,i , vy,i } (1)

where (xi , yi ) denote spatial coordinates and (vx,i , vy,i ) represent velocity components.

2.2 Semantic Keypoint Detection

The proposed framework employs OpenPifPaf [Kreiss et al., 2022] for semantic keypoint tracking. Standard 17
COCO joints represent pedestrians, while a sparsified 24-keypoint vehicle skeleton (from ApolloCar3D) rep-
resents vehicle geometry. OpenPifPaf jointly estimates articulated key joints and establishes temporal associa-
tions across consecutive frames using Composite Fields and Temporal Composite Association Fields (TCAF).
This enables robust tracking of pedestrians and vehicles without explicit data association.

2.3 Spatio-Temporal Multigraph Construction

For each frame, detected semantic key joints form multigraph nodes G = (V ,E). Horizontal, vertical, and
velocity interactions are defined as

ad
i j = exp

(
−αd

∥fd
i − fd

j ∥2

N 2
d

)
, d ∈ {x, y, v}, (2)

where fx = x, fy = y , fv = (vx , vy ), and Nx =W , Ny = H , Nv =Vmax denote the corresponding normalization
factors. The fused adjacency matrix is
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Figure 3: Graph construction process using KeyJoint-STGCN approach. Key joints are treated as individual
nodes. Position and velocity data are incorporated into these nodes, forming the foundation of the graph.
A multigraph is created to capture interactions between distinct entities, connecting one key joint (node) of
one entity to another entity’s corresponding key joint (node) with multiple edges. As illustrated in Fig. 3,
horizontal, vertical, and velocity edge relations are constructed via Eq. 2 and weighted by hyper-parameters
λx = 0.4,λy = 0.3,λv = 0.3.

A =λx Ax +λy Ay +λv Av , λx +λy +λv = 1, (3)

which is normalized before STGCN as

Â = D−1/2(A+ I )D−1/2. (4)

The resulting multigraph jointly models articulated keypoint structure and heterogeneous inter-agent inter-
actions.

2.4 Trajectory Prediction using KeyJoint-STGCN

The constructed spatial graphs are fused into a unified interaction graph and processed using a Spatio-Temporal
Graph Convolutional Network (STGCN) to jointly model spatial and temporal dependencies. The graph con-
volution operation is defined as:

H (l+1) =σ(D̄−1/2 ĀD̄−1/2H (l )W (l )) (5)

where Ā denotes the adjacency matrix with self-loops, D̄ is the degree matrix, H (l ) represents the node features,
and W (l ) denotes learnable weights.

Finally, a 3-layer Temporal Convolutional Network (TCN) with residual connections (kernel size k = 3,
dilation factors d ∈ {1,2,4}, hidden channel size 64) forecasts future coordinates over the target horizon.

3 Experimental Results

3.1 Experimental Setup

The KeyJoint-STGCN framework is implemented in PyTorch and evaluated on a system with an Intel i7-
13850HX CPU, 64 GB RAM, and a 4 GB GPU. Training uses the Adam optimizer with a learning rate of
1×10−4 and batch size of 128, converging in 50 epochs. Performance is assessed using ADE, FDE, and MSE
for trajectory prediction accuracy.

xperiments are conducted on three benchmark datasets: JAAD (pedestrian behavior), nuScenes (multi-agent
trajectory), and BDD100K (diverse urban driving) [Kotseruba et al., 2016, Caesar et al., 2020, Yu et al., 2020].
JAAD primarily focuses on pedestrian behaviour in urban driving scenarios, while nuScenes and BDD100K
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provide large-scale multi-class traffic scenes with diverse environmental conditions and dynamic interactions.
These datasets enable comprehensive evaluation of monocular trajectory prediction across pedestrians and ve-
hicles.

3.2 Training and Validation Strategy

For all datasets, videos are divided into training, validation, and testing subsets. The proposed framework uses
10 observed frames to predict future trajectories over a 3-second horizon. OpenPifPaf is employed for semantic
keypoint detection and tracking, and the extracted keypoints are converted into spatio-temporal multigraph
representations before STGCN-based learning.

To validate model robustness, additional experiments are conducted using different pose trackers, including
AlphaPose and PoseFlow [Wu et al., 2025]. Furthermore, ablation analysis is performed by varying the number
of input frames to evaluate temporal dependency learning.

Figure 4: Examples of semantic keypoint detection for pedestrians and vehicles using OpenPifPaf on JAAD
and BDD100K datasets.

3.3 Quantitative Performance Comparison

The proposed KeyJoint-STGCN is compared with state-of-the-art trajectory prediction methods, including DE-
SIRE [Lee et al., 2017], Semantic-STGCNN [Rainbow et al., 2021], and GATraj [Cheng et al., 2023]. Tables 1
summarize the quantitative results on JAAD, nuScenes, and BDD100K datasets.

Table 1: Comprehensive performance comparison of trajectory prediction methods across JAAD, nuScenes,
and BDD100K datasets.

JAAD nuScenes BDD100K

Method ADE↓ FDE↓ MSE↓ ADE↓ FDE↓ MSE↓ ADE↓ FDE↓ MSE↓
DESIRE 0.8123 0.9347 703 2.4896 4.5923 1476 1.8901 2.9876 1075
Semantic-STGCNN 0.6975 0.7489 587 2.3128 4.2789 1201 1.5678 2.3789 823
GATraj 0.6450 0.7712 510 2.1050 4.2501 1035 1.4502 2.1405 755
KeyJoint-STGCN 0.6145 0.7214 462 2.1035 4.1107 932 1.2345 1.9456 741
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Across all datasets, the proposed method consistently achieves lower ADE and FDE compared with existing
methods. The improvements demonstrate the effectiveness of semantic keypoint-level motion representation
and multigraph interaction modeling for monocular trajectory prediction.

3.4 Class-wise and Ablation Analysis

To further analyze performance across road-user categories, class-wise evaluation is conducted on the JAAD
dataset.While pedestrian gains are substantial, vehicle trajectory forecasting is highly competitive with GATraj
(1.9843 vs 1.9820 ADE on JAAD). This slight difference occurs because rigid vehicle dynamics are already
well-approximated by bounding box centroids, unlike highly dynamic, articulated pedestrian body movements.

Table 2: Class-wise evaluation and pose tracker comparison on JAAD dataset.

Class-wise Evaluation Pose Tracker Evaluation

Class Method ADE↓ FDE↓ Pose Tracker ADE↓ FDE↓

Vehicle
GATraj 1.9820 3.8862 PoseFlow 0.5446 0.6951
KeyJoint-STGCN 1.9843 3.8945 AlphaPose 0.5223 0.6402

Pedestrian
GATraj 1.0340 1.8032 OpenPifPaf 0.5187 0.6287
KeyJoint-STGCN 0.9215 1.6849 – – –

The impact of pose trackers is evaluated using PoseFlow, AlphaPose, and OpenPifPaf. As shown in Ta-
ble 2, OpenPifPaf provides the best trajectory prediction accuracy due to its stable semantic keypoint tracking
capability.

3.5 Effect of Input Frames and Empirical Complexity Metrics

The influence of temporal observation length is analyzed by varying the number of past input frames. Ta-
ble ?? shows that 10 observed frames provide the best trade-off between trajectory prediction accuracy and
computational complexity.

Table 3: Ablation study on graph topology.

Graph Topology JAAD ADE↓ Observation

Single Spatial Graph 0.5912 Baseline
Proposed Multigraph 0.5187 Improved performance

Table 4: Model complexity.

Params (M) FPS Input

2.8 21.6 RGB (640×480)

The qualitative results demonstrated in Fig 5 that the proposed KeyJoint-STGCN effectively captures artic-
ulated motion dynamics and heterogeneous interactions, resulting in improved monocular trajectory prediction
performance in complex traffic environments. Table 4 reports the model complexity of the proposed framework,
consisting of 2.8M parameters and achieving a real-time inference speed of 21.6 FPS at an input resolution of
640× 480. An ablation study isolating the graph construction strategy demonstrates that replacing the pro-
posed multigraph with a single spatial graph increases the JAAD Average Displacement Error (ADE) from
0.5187 to 0.5912, highlighting the effectiveness of the multigraph topology in improving trajectory predic-
tion performance. The lightweight monocular design enables real-time trajectory prediction without requiring
computationally expensive multi-sensor fusion.

3.6 Discussion Insights

The results on JAAD, nuScenes, and BDD100K show that KeyJoint-STGCN consistently outperforms DE-
SIRE, Semantic-STGCNN, and GATraj in ADE, FDE, and MSE, demonstrating strong cross-dataset general-
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Figure 5: Predicted versus ground-truth (Row1 Fig: Pedestrian using JAAD and Row2 Fig: Vehicle using
NuScenes Dataset) trajectory overlays compared to KeyJoint-STGCN marked in green.

ization. This gain is mainly due to keypoint-level motion modeling, which captures fine-grained articulated
dynamics beyond bounding box representations.

Pose-aware modeling significantly improves pedestrian prediction by capturing subtle motion cues. Abla-
tion results indicate that 10 input frames offer the best balance between accuracy and efficiency, while Open-
PifPaf provides the most stable keypoint tracking, enhancing overall performance.

4 Conclusion and Future Scope

This paper introduced KeyJoint-STGCN, a keypoint-based spatio-temporal graph framework for monocular
trajectory prediction of pedestrians and vehicles. By leveraging semantic keypoints from OpenPifPaf and a
multigraph-STGCN formulation, the method captures fine-grained motion and inter-agent interactions more
effectively than object-centric approaches, while operating efficiently on single-camera input. Experiments on
JAAD, nuScenes, and BDD100K demonstrate consistent performance improvements and strong generalization
across diverse traffic scenarios. However, performance depends on pose estimation quality, which may degrade
under occlusion or poor visibility.

Future work will focus on improving robustness via uncertainty-aware or transformer-based pose modeling
and incorporating scene context for enhanced prediction in complex environments.
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Abstract

In this paper, we present a multi-session online open-vocabulary object mapping system. Robots operat-
ing in previously unseen, complex real-world environments can benefit from semantic scene representations
that can be constructed online and queried using natural language, enabling them to reason about tasks in the
context of their surroundings. Multi-session mapping capabilities allow robots to reuse, refine and extend
maps over repeated deployments while also providing the foundation for collaborative mapping by a team
of robots. However, existing approaches typically address only subsets of these requirements, leaving the
integration of persistent open-vocabulary mapping with an evolving multi-session SLAM estimate less ex-
plored. Our proposed system addresses this gap by integrating a robust sparse visual SLAM backend with an
open-vocabulary object-mapping frontend. The resulting framework enables the incremental construction,
refinement, and extension of open-vocabulary object maps over repeated deployments while maintaining
consistency with the evolving SLAM estimate. We quantitatively evaluate geometric accuracy, object asso-
ciation, and runtime performance on seven Replica sequences, assess cross-session object consolidation on a
split Replica sequence, and demonstrate persistent multi-session mapping on a real-world RGB-D sequence.

Keywords: SLAM, Multi-session, Open-vocabulary

1 Introduction

For robots to operate effectively in unknown real-world environments, they must be able to reason about their
surroundings at a semantic level. This requires the ability to construct scene representations that capture not
only the geometry of the environment, but also information describing the objects it contains and their spatial re-
lationships. Robot perception systems have evolved over time from producing geometry-centric maps designed
primarily for localisation and reconstruction toward increasingly semantic models that support higher-level
reasoning and interaction. Recent approaches leverage vision foundation models to produce open-vocabulary
scene representations that are not restricted to a predefined set of object categories, allowing natural language
queries or instructions to be grounded directly in the map (Gu et al., 2024). This makes such representations
particularly attractive for robots that must operate in previously unseen environments, where the relevant objects
and task descriptions cannot be fully specified in advance.

For practical robot deployment, such scene representations should be constructed incrementally from in-
coming observations and updated as the underlying SLAM estimate changes, for example following loop clo-
sure and backend optimisation. Incremental construction allows a robot to build a map while exploring a
previously unknown environment, rather than relying on a pre-existing reconstruction or accurately posed im-
age sequences. Propagating subsequent pose corrections prevents the semantic representation from becoming
inconsistent with the corrected spatial estimate. Recent systems have demonstrated online open-vocabulary
mapping coupled with SLAM (Martins et al., 2025; Laina et al., 2026). Robots should also be able to retain and
extend these representations when revisiting an environment. Multi-session operation allows observations ac-
quired along separate trajectories to increase spatial coverage while preserving previously mapped information.
This requires independently constructed geometric maps to be aligned and their associated semantic repre-
sentations to be reconciled when overlap is discovered. Related work has demonstrated such reconciliation for
collaborative semantic and open-vocabulary mapping with multiple robots (Chang et al., 2023; Gu et al., 2025).
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However, the combination of persistent multi-session operation, open-vocabulary object mapping, and explicit
coupling to the evolving state of a visual SLAM backend remains less explored.

In this paper, we address this gap by integrating the object-mapping component of ConceptGraphs (Gu
et al., 2024) with ORB-SLAM3 (Campos et al., 2021), a mature sparse visual SLAM system that supports
multi-session mapping. The resulting system incrementally constructs a multi-session, open-vocabulary ob-
ject map from a single RGB-D input stream. For each input sequence, the system estimates camera poses,
detects open-vocabulary object observations, associates them across views, and fuses them into a persistent
3D object map. By coupling the object map to the SLAM backend, the system can update object positions
and geometry when optimised camera poses become available, and can extend the object map across mul-
tiple mapping sessions. This enables persistent language-grounded object mapping in environments that are
explored incrementally over time. The code repository associated with this paper is available at https:
//github.com/robotvisionmu/orb-cg.

2 Related Work

Scene representations in robotics have progressively shifted from geometry-centric maps toward increasingly
semantic and language-aware models of the environment. Sparse visual SLAM systems (Campos et al., 2021)
represent the world using visually salient landmarks, providing an efficient structure for camera tracking and
localisation. Dense mapping systems (Whelan et al., 2016) extend this representation by reconstructing detailed
surface geometry of the environment. Semantic mapping (McCormac et al., 2018) further augments geometric
maps with object labels, allowing robots to reason not only about where surfaces are, but also about what they
correspond to.

3D scene graphs provide a more structured representation of indoor environments by combining metric,
semantic, and topological information in a unified hierarchy. Armeni et al. (2019) proposed a seminal approach
that uses a 3D mesh and registered panoramic images to construct a building-scale scene graph containing ob-
ject, room, and camera semantics, as well as relationships between these entities. However, the representation is
constructed offline from a precomputed reconstruction. Rosinol et al. (2021) extended this work by integrating
visual-inertial SLAM to construct a metric-semantic mesh of the scene online. The system also tracks dynamic
elements in the scene, such as humans and robots. The metric-semantic mesh is built online, but the higher-
level layers of the dynamic scene graph are computed offline as a post-processing step after mapping. Hydra
(Hughes et al., 2022) subsequently addressed this limitation by constructing the entire hierarchical structure
online in real-time, but remains closed-vocabulary.

Other works have explored the interaction between scene graph representations and SLAM backends. In
particular, vS-Graphs (Tourani et al., 2026) integrates a scene graph representation with ORB-SLAM3, using
the semantics of structural scene elements (ground surfaces, walls, rooms) as constraints to improve SLAM
performance. This demonstrates the potential benefits of coupling higher-level scene representations with visual
SLAM. However, the output representation is limited in semantic scope to serve the primary goal of improving
localisation and mapping performance through the integration of semantic constraints.

Recent work has extended scene representations toward open-vocabulary and language-grounded mapping.
HOV-SG (Werby et al., 2024) constructs hierarchical open-vocabulary scene graphs that support language-
based queries over objects and regions. ConceptGraphs (Gu et al., 2024) constructs object-centric 3D scene
graphs from RGB-D observations by associating object detections across views and fusing them into a global
3D map. These systems demonstrate the value of open-vocabulary representations for querying and reasoning
about 3D environments beyond a fixed semantic label set. However, they assume that accurate camera poses
are already available and operate primarily offline or in a batch-processing setting. As a result, they do not
directly address the problem of maintaining an open-vocabulary object map while a robot is actively exploring
an unknown environment.

Recent systems such as ReasoningGraph (Gassol Puigjaner et al., 2026) and Describe Anything Anywhere
at Any Moment (DAAAM) (Gorlo et al., 2026) address the online open-vocabulary mapping problem through
extension of the Hydra framework, mentioned previously. Similar to our work, OVO (Martins et al., 2025)
and FindAnything (Laina et al., 2026) integrate open-vocabulary semantics with online SLAM to maintain an
open-vocabulary 3D map. These systems focus on single-session operation.

Recent research has also considered multi-robot semantic mapping. Hydra-Multi (Chang et al., 2023)
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aligns, jointly optimises, and reconciles 3D scene graphs constructed by multiple agents, but retains Hydra’s
closed-vocabulary representation. MR-COGraphs (Gu et al., 2025) supports distributed multi-robot open-
vocabulary mapping by exchanging compact object graphs, although it is loosely coupled to an external lo-
calisation system and uses object correspondences for inter-map alignment. In contrast, our work couples
open-vocabulary object mapping directly to the multi-map capabilities of ORB-SLAM3, allowing pose optimi-
sation and map merging to be propagated to a persistent object representation across repeated deployments.

3 Methodology

The proposed system consists of a ConceptGraphs-based (Gu et al., 2024) open-vocabulary object-mapping
frontend and an ORB-SLAM3 (Campos et al., 2021) visual SLAM backend. An overview of the system archi-
tecture is shown in Figure 1. The system maintains a separate object-centric, multi-map scene representation
that mirrors the map and keyframe structure of the ORB-SLAM3 Atlas. This Atlas-aligned representation is
denoted by A = {Mi }N

i=1, where each map Mi = (Ki ,Oi ) corresponds to an ORB-SLAM3 map and contains a
set of keyframes Ki and a corresponding set of mapped objects Oi . Each keyframe k = (Tk ,Ik ,Dk , Zk ) com-
prises its pose, RGB image, depth image, and a set of object observations Zk . A mapped object o = (Po , fo) is
formed by fusing a set of supporting observations Zo , where Po is its 3D point-cloud representation and fo is
its aggregated CLIP feature.

Each input RGB-D frame is first processed by ORB-SLAM3, which selects a subset of frames as keyframes
to provide spatial coverage of the environment for efficient mapping and localisation. Rather than processing
every input frame, the frontend processes only keyframes, which form the interface between the SLAM back-
end and the object-mapping frontend. As ORB-SLAM3 performs loop closure, relocalisation, map merging,
and pose optimisation, keyframe poses may be updated and keyframes may be reassigned to another map or
removed. These changes are propagated to the frontend through keyframe events, allowing the corresponding
object observations and mapped objects to remain consistent with the current SLAM estimate.

Figure 1: System architecture of the proposed ORB-SLAM3 and ConceptGraphs-based object-mapping
pipeline. RGB-D frames are processed by ORB-SLAM3, which provides keyframe selection, camera tracking,
pose optimisation, relocalisation, loop closure, and multi-session map management. Selected keyframes form
the interface to the object-mapping frontend. A keyframe event queue propagates asynchronous SLAM state
changes, including keyframe creation, removal, pose updates, and map reassignment. The frontend processes
keyframes using open-vocabulary detection, segmentation, vision-language feature extraction, 3D projection,
and object association to maintain a persistent open-vocabulary object map consistent with the current SLAM
estimate.
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3.1 SLAM Backend (ORB-SLAM3)

For each incoming RGB-D frame, ORB-SLAM3 estimates the camera pose relative to the active map and
selects keyframes for mapping. Keyframe poses and map points are refined through local bundle adjustment,
while place recognition enables loop closure, relocalisation, and map merging.

Of particular relevance to this work is the ORB-SLAM3 Atlas, which maintains multiple maps and a shared
place-recognition database. An Atlas comprising all previous sessions can be loaded during initialisation, while
a new map can be created when tracking cannot be recovered in an existing map. ORB-SLAM3 continues to
search for correspondences with previously stored maps and merges them into a common coordinate frame
when sufficient overlap is detected. This mechanism supports incremental multi-session operation, since maps
constructed at different times, or from partially disconnected trajectories, can be reused and merged into a
single persistent spatial representation of the environment.

3.2 Keyframe Event Interface

Since ORB-SLAM3 is a real-time, multithreaded system, its state can change asynchronously relative to the
object-mapping frontend. To propagate these changes, we introduce a keyframe event queue. Events are emitted
when a keyframe k is created or removed, when its pose Tk is updated, or when it is reassigned to another
map following relocalisation or map merging. These events allow the frontend to update the corresponding
observations Zk and their map associations. While an event is waiting to be consumed, subsequent events for
the same keyframe are coalesced, avoiding unnecessary reprocessing while ensuring that the frontend receives
the most recent SLAM state.

3.3 Open-Vocabulary Object Mapping

The frontend is based on the open-vocabulary object-mapping component of ConceptGraphs. For each keyframe
k, its RGB-D images, camera intrinsics, and estimated pose Tk are retrieved. YOLO-World (Cheng et al., 2024)
extracts open-vocabulary object detections from the RGB image, and SAM (Kirillov et al., 2023) generates
corresponding object masks. Detections are filtered to remove low-confidence, very small, background, or oth-
erwise invalid regions. CLIP (Radford et al., 2021) vision-language features are computed for the remaining
object proposals.

The resulting detections form the object observations Zk . Each valid observation is projected into 3D using
the depth image and camera intrinsics and transformed into the coordinate frame of its associated map using
Tk . The observation is then compared with existing objects o ∈ Oi using spatial overlap and visual-semantic
similarity. If a suitable match is found, the observation is added to the object’s supporting observations Zo and
fused into its geometry Po and CLIP feature fo . Otherwise, a new mapped object is created.

Unlike the full ConceptGraphs pipeline, the proposed system maintains an object-level semantic represen-
tation rather than constructing a complete relationship graph. Relationship extraction is omitted because it is
task-dependent and unnecessary for maintaining the persistent object map. The resulting representation there-
fore consists of open-vocabulary object instances with 3D geometry and aggregated vision-language features.

3.4 Updating the Object Map After SLAM Optimisation

When ORB-SLAM3 updates the pose Tk of a keyframe, the change is propagated to the frontend through a
keyframe event. Any mapped object o supported by observations from the affected keyframe is marked for
reconstruction. Its geometry Po is then rebuilt from the supporting observations Zo using the latest keyframe
poses, ensuring consistency with the optimised SLAM estimate. If a keyframe is removed, its observations are
removed from the corresponding supporting sets Zo . Objects with no remaining valid observations are deleted.
Duplicate objects within the same map are subsequently identified and merged.

3.5 Multi-Session Mapping

The proposed system leverages the multi-map capabilities of the ORB-SLAM3 Atlas. When ORB-SLAM3
creates a new map, for example following tracking loss or at the start of a new session, the frontend maintains
a corresponding map M j = (K j ,O j ) while preserving the object sets associated with previous maps. Object
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observations are therefore accumulated only within the map to which their originating keyframes currently
belong.

If ORB-SLAM3 subsequently detects overlap and merges two maps, the resulting keyframe pose and map-
assignment changes are propagated to the frontend through the event interface. The corresponding mapped
objects are transferred into the resulting map and compared using the same spatial and visual-semantic associ-
ation criteria applied to new observations. Duplicate representations of the same physical object can therefore
be consolidated after the underlying SLAM maps have been aligned and merged.

This design allows object maps to be extended over repeated deployments in overlapping regions of the
same environment. It also provides a basis for collaborative mapping, where observations collected during
different sessions, or potentially by different robots, can be integrated into a shared persistent representation
once their underlying SLAM maps are aligned or merged.

4 Evaluation

The proposed system is evaluated in both single-session and multi-session settings. Single-session evaluation
measures the geometric accuracy of the constructed object map and the consistency of object association, using
seven RGB-D sequences of the 3D Replica dataset (Straub et al., 2019) provided by iMAP (Sucar et al., 2021),
for which ground-truth camera poses and semantic instance annotations are available. The room 2 sequence
was excluded because tracking loss caused ORB-SLAM3 to initialise a second map, preventing a single rigid
trajectory alignment. Multi-session evaluation measures the system’s ability to reconcile and extend object
maps across sessions. Cross-session object consolidation is evaluated on the Replica room 0 sequence split
into two sessions, while persistent multi-session mapping is demonstrated on two real-world RealSense RGB-
D sessions captured along partially overlapping trajectories. Finally, runtime performance is evaluated on the
Replica sequences. The evaluation focuses on the performance of the integration of ORB-SLAM3 and the
ConceptGraphs-based frontend, not the individual performance of each subsystem.

4.1 Single-Session

To prevent geometric accuracy metrics from being confounded by errors in object fusion, geometric perfor-
mance is evaluated separately from object association. Geometric evaluation measures whether the object
observations correctly represent the position and spatial extent of the corresponding physical object. Object as-
sociation evaluation measures whether detections from the same physical object are grouped together without
merging distinct objects or fragmenting one object across multiple map objects. For each Replica scene, visible
ground-truth (GT) object geometry was reconstructed using semantic-instance images, depth images and GT
camera poses corresponding to the keyframes selected by the system. Structural scene elements (walls, floors
and ceilings) were excluded as these were not mapped by the system. Each object observation was assigned
to the GT instance occupying the largest fraction of its predicted mask, provided this fraction was at least 0.5.
GT masks were used only to establish identity and not to construct the predicted geometry. The ORB-SLAM3
trajectory was aligned to the Replica frame using an SE(3) transformation fitted between corresponding camera
centres. The mean camera-centre residual after alignment was 0.90 cm, providing context for the contribution
of trajectory error to the reported geometry metrics.

For geometric evaluation, observation point clouds were grouped by assigned GT instance and transformed
into the Replica frame. Centroid error measures 3D localisation, while AABB (Axis Aligned Bounding Box)
IoU measures agreement in object position and spatial extent. Table 1 reports pooled results over the seven
Replica sequences. Of the 372 evaluable GT instances, 262 (70.4%) were assigned to object observations.
Median centroid error was 3.92 cm, compared with a mean of 10.82 cm. Removing the worst 5% of instances
reduced the mean to 7.13 cm, showing that a small number of large errors strongly affected the average. These
errors were primarily associated with incomplete or oversized masks spanning neighbouring instances. Mean
3D AABB IoU was 0.499, indicating additional errors in reconstructed object extent and overlap.

Object association was evaluated from the GT assignments of each mapped object’s supporting observa-
tions. Of the 258 mapped objects, 33 had no observations assigned to a GT instance. Of the remaining 225
mapped objects, 154 (68.4%) were strictly clean, with every supporting detection assigned to the same GT
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Table 1: Pooled single-session evaluation results on the 7 Replica sequences

Geometry Object Association

Evaluable GT Instances 372 Mapped Objects 258
Assigned GT Instances 262 Unassigned 33
Alignment Residual (mean) 0.9 cm Clean 154 / 225 (68.4%)
Centroid (mean | median) 10.82 cm | 3.92 cm Mixed 55 / 225 (24.4%)
AABB IoU (mean | median) 0.499 | 0.486 Partially Assigned 16 / 225 (7.1%)

Fragmented GT 48 / 262 (18.3%)

instance. A further 55 (24.4%) contained confirmed support from multiple GT instances, while 16 (7.1%) com-
bined single-GT support with detections for which no GT identity could be established. Additionally, 48 of the
262 (18.3%) GT instances were assigned to observations distributed across multiple mapped objects. The asso-
ciation results therefore show both over-merging and fragmentation, despite most mapped objects comprising
observations of a single physical instance.

4.2 Multi-Session

Cross-session object association was evaluated on the Replica room 0 iMAP sequence, split into two ses-
sions. The incoming-object association recall is reported, which measures how effectively objects from the
second session are incorporated into the merged object map. Observations supporting each pre-merge mapped
object were assigned to GT instances using the same procedure as in the single-session evaluation. A second-
session object was eligible for consolidation if at least one of its observations shared a GT instance with an
observation supporting a first-session object. Consolidation was successful when the second-session object
and a corresponding first-session object were merged into the same final mapped object. Of the 22 eligible
second-session objects, 19 were successfully consolidated (86.4%). As this metric operates on object predic-
tions produced independently in each session, it cannot completely isolate cross-session consolidation from
errors introduced during single-session mapping. Fragmentation or incomplete object reconstruction can alter
both the number of eligible second-session objects and the evidence available for their subsequent association.

Multi-session persistence and map expansion were demonstrated using two real-world sessions captured,
using a RealSense 435i RGB-D sensor, along partially overlapping trajectories in the Eolas Building at Maynooth
University. Figure 2 shows the first session map is retained and extended by the second session following the
ORB-SLAM3 map merge. This demonstrates the construction of a persistent object map over repeated deploy-
ments.

(a) (b) (c)

Figure 2: Multi-session object mapping on real-world scene captured by RealSense. Two partial maps (a) and
(b) are constructed from separate sessions with overlapping trajectories and are subsequently fused into a single
persistent object map (c).
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4.3 Runtime

Runtime was measured over the seven Replica sequences on an Intel Core i7-13700KF CPU, 32 GB RAM, and
an NVIDIA RTX 4090 GPU. The sequences comprise 14,000 RGB-D frames at 1200×680 resolution, from
which ORB-SLAM3 selected 1,294 keyframes. The timings are reported in Table 2. ORB-SLAM3 tracking,
which is executed for every input frame, averaged 12.48 ms per frame. Synchronous object-mapping processing
(YOLO-World, SAM, CLIP, 3D projection and object matching) averaged 493.4 ms per keyframe. The dom-
inant costs were SAM segmentation (158.9 ms) and CLIP embedding (224.6 ms). Object-map maintenance,
including geometry rebuilding and duplicate-object merging, required an additional 204.1 ms of computation
when normalized by the number of processed keyframes. This value is an amortized computational cost rather
than synchronous keyframe latency, since maintenance operations are triggered separately as the map is up-
dated. Based on the total processing time, including pipeline overheads, the system achieved an end-to-end
throughput of 10.8 FPS across the seven Replica sequences. Per-scene throughput ranged from 6.5 to 32.8
FPS, reflecting differences in the number of keyframes generated and the resulting object-processing and map-
maintenance workload.

Table 2: Mean runtime on the 7 Replica sequences

Component Time

ORB-SLAM3 tracking 12.48 ms/frame
Synchronous KF processing 493.42 ms/KF
Map maintenance 204.12 ms/KF

5 Conclusion

In this paper, we presented a system for multi-session online open-vocabulary object mapping that integrates
ORB-SLAM3 with a ConceptGraphs-based object-mapping frontend. By coupling object observations to
SLAM keyframes, the system incrementally constructs an object map, updates its geometry as the SLAM
estimate changes, and retains and reconciles object maps across mapping sessions.

The evaluation demonstrates that the system generally achieves accurate object localisation, although recon-
struction of object spatial extent remains less consistent. Object association also remains a source of error, with
evidence of both over-merging and fragmentation in the results. These errors can propagate to cross-session
consolidation, since the reconciliation process operates on the object predictions produced independently in
each session. Nevertheless, the multi-session experiments demonstrate that previously mapped objects can be
retained, corresponding objects consolidated, and the object map extended over repeated deployments. Runtime
analysis shows that object mapping introduces a significant computational cost relative to SLAM tracking.

Future work will initially address object reconstruction and association (spatial extent, fragmentation and
overmerging). Further work will focus on a multithreaded architecture to reduce mapping overhead before ex-
tending the system towards simultaneous collaborative mapping, environmental change detection, application-
specific relationships and hierarchies, ROS integration and support for the monocular and stereo configurations
provided by ORB-SLAM3.
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Abstract

Conventional autonomous perception pipelines rely heavily on ISP-processed RGB imagery, which is
optimized for human visual aesthetics but frequently discards radiometric data critical for machine cogni-
tion. While prior RAW-domain research has demonstrated the benefits of sensor-domain learning, these
studies predominantly address 2D image-space detection utilizing narrow-field rectilinear cameras. Modern
autonomous driving systems, however, increasingly demand 3D Bird’s-Eye-View (BEV) spatial aggregation
derived from complex surround-view fisheye cameras. This work systematically investigates ISP-free per-
ception directly in the sensor domain using un-demosaiced 16-bit Bayer RAW automotive fisheye imagery.
To support this investigation, we utilize the RAW-Det-Fisheye dataset, comprising 168,000 synchronized,
multi-camera frames containing aligned 16-bit sensor RAW and ISP-processed RGB representations. To
comprehensively evaluate sensor-domain resilience, we analyze performance across both 2D image-space
detection using YOLOv8 and 3D BEV-space reasoning using BEVFormer equipped with multi-view feature
aggregation. Experimental evaluations reveal that despite the severe non-linear radial distortion of fisheye
lenses and the inherent sparsity of Bayer patterns, sensor-domain RAW representations achieve semantic
detection and spatial localization performance comparable to conventional ISP-processed RGB baselines.
These findings conclusively demonstrate that robust geometric consistency and semantic features are pre-
served prior to ISP intervention, motivating the development of highly efficient, sensor-native perception
architectures tailored explicitly for machine vision.

Keywords: Fisheye Perception, Image Signal Processor Free Detection, Sensor-Native Learning, BEV
Perception, Autonomous Driving, Raw Fisheye Dataset

1 Introduction

Modern autonomous driving systems increasingly rely on automotive fisheye cameras due to their ultra-wide
field of view, enabling surround-view perception, near-field obstacle detection, and automated parking function-
alities [Kumar et al., 2022]. However, fisheye imaging introduces severe radial distortion and spatially varying
resolution, creating significant challenges for downstream perception algorithms. The measured RAW signal is

Rc (x, y) = g · t · Ic (x, y)+nshot +nr ead (1)

where g is sensor gain, t is exposure time, and nshot and nr ead denote shot and read noise. Most automotive
cameras employ a Bayer Color Filter Array (CFA), producing a sparse single-channel RAW representation.
Conventional pipelines convert this sensor-domain data into RGB imagery through an Image Signal Processor
(ISP):

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 168 ISBN 978-1-9195641-0-4



IRGB = f I SP (R) (2)

where f I SP includes demosaicing, white balance, gamma correction, tone mapping, and denoising.
Although ISP processing improves visual quality for human observers, it may alter the radiometric fi-

delity of sensor measurements [Brooks et al., 2018, Li et al., 2024a]. Consequently, recent work has explored
RAW-domain learning for image restoration and image-space perception [Chen et al., 2018, Xu et al., 2023,
Cui and Harada, 2024, Morawski et al., 2022, Guo et al., 2025, Li et al., 2024a].

However, prior studies have largely focused on 2D image-space reasoning using conventional cameras.
The effectiveness of sensor-domain RAW representations for Bird’s-Eye-View (BEV) perception under fisheye
imaging remains largely unexplored. To address this gap, we investigate ISP-free autonomous perception using
16-bit Bayer RAW automotive fisheye imagery. Using the proposed RAW-Det-Fisheye dataset, YOLOv8 and
BEVFormer,we evaluate whether semantic and geometric representations can be learned directly from sensor
measurements.

2 Contributions

The primary contributions of this work are summarized as follows:

1. ISP-Free Fisheye Perception Paradigm: We pioneer an ISP-free perception pipeline tailored specif-
ically for complex automotive fisheye cameras. We demonstrate that machine cognition can operate
directly on mosaiced, 16-bit Bayer RAW sensor measurements, effectively bypassing the radiometric
information loss and hallucination artifacts inherent in human-centric ISP pipelines.

2. Dual-Space Architectural Evaluation: We provide the first systematic evaluation of sensor-domain
robustness across two distinct spatial paradigms: 2D image-space reasoning (utilizing YOLOv8) and 3D
multi-view Bird’s-Eye-View (BEV) perception (utilizing BEVFormer). This effectively addresses both
the classical camera-based and modern BEV-based perception applications. To our knowledge, this is the
first work to evaluate the ISP influence on BEV tasks.

3. RAW-Det-Fisheye Dataset: We evaluated the models on a comprehensive, large-scale industry grade
automotive dataset comprising 168,000 synchronized frames of aligned 16-bit sensor RAW and ISP-
processed RGB representations. By maintaining identical ground-truth bounding box annotations across
domains, this dataset enables tightly controlled, rigorous evaluation of sensor-domain learning against
traditional imaging pipelines.

4. Demonstration of Geometric Resilience: Our empirical findings establish that multi-view spatial ag-
gregation and 3D geometric projection can successfully occur prior to ISP intervention. We prove that
sensor-domain RAW representations preserve sufficient semantic structure and geometric consistency to
achieve detection and localization performance comparable to conventionally optimized RGB baselines.

3 State of the Art

3.1 RAW-Domain Learning and Neural ISPs

Traditional Image Signal Processors (ISPs) rely on handcrafted, sequential modules designed to produce visu-
ally appealing RGB images for human consumption. However, this human-centric optimization often destroys
low-level radiometric details essential for machine cognition. Early RAW-domain research addressed this by
developing deep learning models for extreme low-light imaging [Chen et al., 2018] and introducing inverse
ISP modeling to recover sensor data from sRGB images [Brooks et al., 2018]. Subsequent works explored
mapping RAW signals to sRGB domains using neural networks [Zhang et al., 2021] or explicitly optimizing
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Neural ISPs for downstream machine perception tasks [Morawski et al., 2022]. More recently, approaches like
Dark-ISP [Guo et al., 2025] have further enhanced RAW image processing specifically to boost low-light ob-
ject detection. While these methods demonstrate the value of preserving RAW data, they generally still rely
on an intermediate processing step to reconstruct a dense representation before applying perception networks,
adding unnecessary computational overhead.

3.2 RAW-Domain Perception in Image Space

To eliminate the computational bottleneck of explicit ISP reconstruction, recent literature has shifted toward
direct ISP-free perception. Foundational works have established new benchmarks and models specifically for
2D object detection directly on raw sensor measurements [Xu et al., 2023, Li et al., 2024b]. To leverage the
vast knowledge in models pre-trained on RGB data, techniques like RAW-Adapter [Cui and Harada, 2024]
have been introduced to efficiently adapt standard visual models to camera RAW inputs without full retraining.
Furthermore, direct processing of un-demosaiced snapshots has been shown to significantly improve overall
visual computing efficiency [Li et al., 2024a]. These studies collectively prove that neural networks can extract
robust semantic features directly from sparse Bayer-patterned data.

3.3 Bridging the Gap: From 2D to BEV-Space Fisheye Perception

Despite the success of RAW-domain learning in 2D image space, modern autonomous driving pipelines in-
creasingly depend on 3D Bird’s-Eye-View (BEV) perception architectures. BEV perception requires rigorous
geometric feature projection, multi-view spatial aggregation, and 3D reasoning. Performing these complex op-
erations directly on sparse, un-demosaiced Bayer data presents a fundamentally different challenge than stan-
dard 2D detection, particularly when utilizing automotive fisheye cameras characterized by extreme non-linear
radial distortion.

Paradigm Processing Pipeline Limitations Addressed by Our Work
Traditional HW ISP RAW → HW ISP → RGB

→ Detect
Discards linear radiometric data; demosaicing hal-
lucinates edges; optimized for humans, not ma-
chines.

Neural / Task-ISP RAW → Neural ISP →
RGB → Detect

Retains dependency on dense intermediate recon-
struction, leading to high latency.

2D RAW Detection RAW → 2D Object Detec-
tion

Lacks 3D geometric reasoning; primarily evaluated
on rectilinear, narrow-field lenses.

Proposed Frame-
work

Fisheye RAW → BEV/2D
Detect

Investigates direct 3D BEV spatial aggregation
under extreme fisheye distortion without demo-
saicing.

Table 1: Comparison of traditional, neural ISP, and sensor-direct perception pipelines.

As summarized in Table 1, prior research has predominantly focused on rectilinear 2D tasks. This work
explicitly targets the unexplored intersection of ISP-free perception, fisheye geometry, and 3D BEV spatial
aggregation. By demonstrating that sensor-domain RAW representations remain geometrically stable during
complex BEV transformations, our research bridges the critical gap between raw sensor physics and state-of-
the-art autonomous driving architectures.

4 The RAW-Det-Fisheye Dataset

To rigorously evaluate the efficacy of ISP-free perception in autonomous driving, we evaluate using the RAW-
Det-Fisheye dataset. Existing autonomous driving benchmarks predominantly provide heavily compressed,
ISP-processed RGB imagery, while established RAW-domain datasets are largely restricted to narrow-field,
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rectilinear cameras. This dataset bridges that critical gap by providing large-scale, synchronized multi-camera
fisheye imagery specifically curated for sensor-domain machine perception.

4.1 Dataset Composition and Sensor Characteristics

The dataset comprises a total of 168,000 frames, carefully partitioned into 160,000 training frames and 8,000
validation frames. The imagery is captured using automotive-grade surround-view fisheye cameras charac-
terized by extreme non-linear radial distortion Figure 1. The dataset was collected directly from automotive
image sensors in RAW Bayer format prior to ISP processing. The Operational Design Domain includes urban,
suburban, parking and highway driving environments containing vehicles, pedestrians, cyclists, road infrastruc-
ture, and traffic control devices. Data were recorded under diverse illumination conditions ranging from bright
daylight to low-light nighttime scenes to evaluate perception performance across a broad spectrum of sensor
operating conditions. The dataset consists of 16-bit Bayer RAW images in BGGR format captured using a
Dual Conversion Gain (DCG) HDR automotive fisheye sensor. Native sensor frames are acquired at a reso-
lution of 1632 × 1290 pixels and subsequently downscaled to 1024 × 864 while preserving the Bayer mosaic
structure. The downsampling operation is performed directly on the RAW data without demosaicing or color
interpolation, ensuring that the original CFA sampling pattern is maintained.

Data was collected at a frequency of 10 Hz over 50 hours of recordings. The data is geographically di-
verse, ensuring the model’s robustness across different regional infrastructures, with the distribution: Czech
Republic: 44%, UK & Republic of Ireland: 22%, USA: 17%, Germany: 13%, Denmark: 1.5%, Others:
2.5%.

Figure 1: ISP Processed and RAW Bayer Fisheye images from our Dataset. Raw images are enhanced for
visualization purposes.
More samples and quality results will be shared as a Supplementary material and will be uploaded to the arxiv

4.2 Multi-Domain Aligned Representations

A core feature of the RAW-Det-Fisheye dataset is the strict temporal and spatial alignment of multiple imag-
ing domains for every captured frame. This enables perfectly controlled comparisons between sensor-native
processing and conventional pipelines. Each frame is provided in two distinct representations:(i)The direct,
16-bit linear radiometric output from the image sensor, preserving the original dynamic range and containing
inherent physical noise (e.g., shot and read noise) prior to any ISP intervention (ii)The conventionally processed
32-bit, 3-channel sRGB output generated via the camera’s hardware ISP. This serves as the primary baseline
representing human-optimized perception.

4.3 Annotation Consistency

To ensure that empirical performance variations are exclusively attributable to the input data representation
rather than label discrepancies, ground-truth bounding box annotations are rigidly identical across both do-
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mains. This strict alignment guarantees that subsequent evaluations in both 2D image-space and 3D BEV-space
accurately reflect the semantic and geometric resilience of the underlying pixel representations.

5 Proposed Methodology

To rigorously evaluate the viability of ISP-free perception, we deploy two state-of-the-art architectures: YOLOv8
[Jocher et al., 2023] for 2D image-space reasoning and BEVFormer [Li et al., 2022] for 3D multi-view spatial
aggregation. By isolating the perception models from the ISP, we can directly assess the neural network’s
ability to interpret raw sensor physics.

5.1 Image-Space Perception Using YOLOv8

Image-space perception evaluates semantic understanding directly in 2D sensor coordinates. We utilize YOLOv8
[Jocher et al., 2023], a highly efficient single-stage object detector featuring a modified CSPDarknet backbone,
a Path Aggregation Network (PANet) neck, and an anchor-free detection head. For our ISP-free baseline,
YOLOv8 is trained directly on the single-channel Bayer mosaiced RAW input without demosaicing or any ISP
preprocessing:

XRAW ∈RH×W ×1 (3)

To prevent the model from inheriting biases optimized for dense sRGB imagery, and to preserve the physical
properties of the sensor data, we applied the following specific training configurations. The training was started
from scratch with no pretrained RGB weights.Mosaic augmentation is disabled to preserve contiguous Bayer
mosaicing patterns and localized physical noise distributions. Automatic Mixed Precision (AMP) is disabled to
maintain the full 16-bit radiometric depth of the sensor measurements.Input resolution is 1024x864 pixels with
a single-channel RAW input.

5.2 BEV-Space Perception Using BEVFormer

Unlike 2D detection, BEV-space perception demands rigorous geometric feature consistency across multi-view
spatial projections. We utilize BEVFormer [Li et al., 2022], a transformer-based architecture that aggregates
spatiotemporal features from multiple cameras into a unified Bird’s-Eye-View grid using spatial cross-attention.

A critical challenge in adapting BEVFormer for our dataset is that standard pinhole camera projection mod-
els fail under extreme fisheye distortion. To resolve this, we modified the spatial cross-attention (deformable
attention) module to incorporate a 4th-order polynomial camera model, inspired by the WoodScape dataset ge-
ometry [Yogamani et al., 2019]. This custom geometric projection ensures that 3D reference points in the BEV
space are accurately mapped to their corresponding highly distorted 2D pixel coordinates on the image plane.

Aside from adapting the spatial projection geometry, BEVFormer was modified to directly process single-
channel 16-bit Bayer RAW TIFF images by changing only the first convolution layer of the ResNet-101 back-
bone from three to one input channel. Both RGB and RAW models were trained from scratch without pretrained
weights using identical optimizer settings, training schedules, loss functions, and network architecture, com-
prising a ResNet-101 with DCNv2, an FPN, a BEV Encoder, and a DETR Decoder for predicting a 78×78
BEV grid of Vehicle and Pedestrian classes. Evaluation was performed using only the current frame, without
temporal history, thereby isolating the influence of the sensor-domain representation.

6 Experimental Results

6.1 Image-Space Detection Resilience

Table 2 presents a quantitative comparison of YOLOv8 detection performance across ISP-processed RGB and
real sensor-domain RAW representations and qualitative results of RAW and ISP processed images are shown
in figure 2 and figure 3 respectively
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Metric ISP-Processed RGB Real Sensor RAW

Vehicle Precision 0.84 0.79
Vehicle Recall 0.44 0.37
Vehicle F1-score 0.58 0.503
False Positives / Frame 0.95 1.08
mAP@0.50 0.525 0.513

Table 2: Quantitative comparison at conf=0.25 of YOLOv8 2D image-space detection across imaging domains.

Figure 2: Image-space detection inference using YOLOv8 in real 16-bit Bayer RAW automotive fisheye im-
agery.

Figure 3: Image-space detection inference using YOLOv8 in ISP processed RGB automotive fisheye imagery.

The empirical evaluations demonstrate that sensor-domain RAW representations achieve semantic detection
parity with conventional ISP pipelines. Specifically, RAW input yields a Vehicle F1-score of 0.503, close to the
0.58 achieved by the RGB baseline. Also the precision and recall for the RAW and RGB are close to each other.
The RAW domain exhibits a robust mAP@0.50=0.513 which is remarkably closer to RGB map@0.50=0.525
and the resilient recall rates confirm that the fundamental semantic identity of objects is preserved prior to
ISP intervention. The relatively low recall observed for both RGB and RAW models reflects the challenging
nature of automotive fisheye object detection, characterized by severe radial distortion and large object-scale
variation. Since both models were trained and evaluated under identical conditions, the comparison fairly
isolates the effect of the input representation.

6.2 BEV-Space Geometric Stability

The most significant findings of this study emerge in the 3D BEV-space perception tasks. Table 3 summa-
rizes the performance of the modified BEVFormer architecture operating under severe fisheye distortion and
qualitative results of RAW and ISP processed images are shown in Figure 4

Figure 4: BEV-space detection inference using BevFormer in real 16-bit Bayer RAW and ISP processed Image
in automotive fisheye imagery dataset.The left side shows inference on RAW image and right side shows infer-
ence on ISP processed image
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Metric ISP-Processed RGB Real Sensor RAW

Vehicle Precision 0.726 0.726
Vehicle Recall 0.867 0.874
Pedestrian Precision 0.244 0.235
Pedestrian Recall 0.276 0.276
Average Orientation Error (AOE) Vehicle 0.040 0.041
Average Orientation Error (AOE) Pedestrian 0.394 0.417
Direct Corner Error Vehicle 0.599 0.581
Closest Corner Error Vehicle 0.583 0.566

Table 3: Comparison of BEVFormer @conf=0.3 multi-view 3D perception performance.

Despite the necessity for complex spatial projection and multi-view temporal feature aggregation, un-
demosaiced RAW inputs achieve identical precision (0.726) and slightly superior recall (0.874) for vehicle
detection compared to the RGB baseline. Furthermore, the geometric localization capabilities—measured via
Average Orientation Error (AOE) and 3D corner errors—remain phenomenally stable. In fact, RAW represen-
tations marginally outperformed RGB in Direct Corner Error (0.581 vs. 0.599), indicating that the preservation
of linear radiometric data and the absence of demosaicing artifacts actually aid the spatial cross-attention mech-
anisms in triangulating precise 3D geometric coordinates.

7 Discussion and Analysis of ISP Effects

The comparable, and in some metrics superior, performance of sensor-domain representations fundamen-
tally challenges the necessity of hardware ISPs in autonomous perception pipelines. Traditional ISP oper-
ations—such as gamma compression and tone mapping—are mathematically non-linear transformations de-
signed to map wide-dynamic-range scenes into a restricted, human-pleasing color space. While aesthetically
beneficial, these operations structurally distort the linear relationship between scene radiance and pixel inten-
sity.

Our findings demonstrate that state-of-the-art architectures equipped with deformable attention mechanisms
can directly decode sparse, 16-bit physical sensor measurements. The profound robustness of RAW represen-
tations in 3D BEV space proves that the non-linear projection algorithms required to untangle severe radial
fisheye distortion are mathematically compatible with raw Bayer sampling. By entirely bypassing the hardware
ISP, autonomous driving systems can effectively eliminate the latency, power consumption, and hallucination
artifacts associated with demosaicing, directly translating sensor-native measurements into reliable semantic
and geometric intelligence.

8 Conclusion

This paper systematically investigates the paradigm of ISP-free autonomous perception, extending RAW-
domain learning beyond rectilinear 2D detection into the rigorous domain of 3D Bird’s-Eye-View (BEV) spatial
aggregation utilizing automotive fisheye cameras. By introducing the RAW-Det-Fisheye dataset, we facilitated
a strictly controlled evaluation between 16-bit un-demosaiced sensor measurements and conventionally opti-
mized RGB imagery.

Our comprehensive experiments using YOLOv8 and BEVFormer empirically establish that linear, sensor-
domain representations preserve critical semantic structure and yield highly accurate 3D geometric localization,
successfully navigating the compounded challenges of Bayer sparsity and severe radial distortion. This work
strongly motivates a paradigm shift toward highly efficient, low-latency, sensor-native perception architectures
jointly optimized for raw physics and machine intelligence, rather than human visual aesthetics.While our
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current evaluation primarily focuses on the major dynamic object categories—such as vehicles and pedestri-
ans—that are most critical for immediate crash prevention and automated braking systems, these promising
baseline results open exciting avenues for future research. Moving forward, we plan to extend this ISP-free
paradigm to traffic control elements, including traffic signs and traffic lights, as well as smaller, color-pattern-
dependent objects like traffic cones and bollards. By demonstrating that core spatial and semantic intelligence is
already robustly preserved in the RAW domain, this work lays a strong foundation for optimizing sensor-native
networks across all edge cases, ultimately opening up the possibility of utilizing raw sensor data for full-scale,
comprehensive autonomous driving applications.
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Abstract

An accurate measurement of road geometry is important for road infrastructure and maintenance, safety
analysis and autonomous systems. While image-based approaches offer an economical substitute to LiDAR,
these approaches struggle on roads with degraded or absent lane markings, and rely on forward facing
cameras which are highly receptive to occlusions. This paper introduces a novel, domain-, and sensor-
adaptive framework for metric road width estimation using dual rear-view cameras on operational road
(pavement) survey vehicles. We propose a system based on a fine-tuned road segmentation model with
trajectory-aware temporal smoothing and multi-view image fusion via calibrated projections. Extensive
validation indicates that our system produces dense, stable, and metrically accurate road width profiles that
outperform the marking dependent baselines, especially on unmarked roads. Our system bridges vision-
based analysis and infrastructure-grade monitoring offering a practical and high-throughput solution for
road network-scale pavement assessment without any additional hardware.

Keywords: Road Width Estimation, Multi-view Fusion, Geometric Reconstruction

1 Introduction

A precise road geometry measurement, particularly metric width, is essential for the maintenance and safety
of modern transportation systems. While vision-based sensing is a scalable and cost-effective alternative to
LiDAR, perspective distortions, occlusions and degraded (or absent) lane markings make road width estimation
challenging. Most common approaches to infer road width through lane marking separation fail on unmarked or
non-standard roads[Mahlberg et al., 2022]. Approaches using forward-facing systems (e.g dash cams) are also
prone to occlusion and are poorly suited for pavement inspection. In contrast, dual rear-view cameras mounted
on survey vehicles offer a stable and unobstructed view right behind the vehicle. However, road segmentation
deep learning models trained on public benchmarks suffer from a severe domain shift on rear-view images and
poorly marked lanes. Furthermore, per-frame processing of camera video streams leads to temporally unstable
predictions.

Road boundary detection has evolved from classical gradient-based edge detection and geometric fitting
(e.g., Hough Transform) [Zou et al., 2019] to deep learning approaches. While classical methods were en-
hanced with probabilistic and temporal filtering, they remained brittle in real-world conditions. Learning-based
models such as SegNet [Paszke et al., 2016] improved semantic understanding but are predominantly trained
on forward-facing urban datasets and degrade on rear-view imagery of marking-deficient rural roads.

Surround-view systems fuse multiple cameras for 360° road-edge detection [Dahal et al., 2021], but are de-
signed for obstacle avoidance rather than metric infrastructure assessment [Yuan et al., 2023, Hecker et al., 2018].
Vision Transformers have recently advanced segmentation, edge detection [Pu et al., 2022], and line extraction
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Figure 1: Overview of the proposed methodology for metric road width estimation using dual rear-view cam-
eras. The framework integrates semantic segmentation, geometric boundary estimation, inverse perspective
projection, and trajectory-aware temporal refinement.

[Xu et al., 2021], yet models pre-trained on urban data struggle with the appearance and perspective varia-
tions of rear-view pavement imagery. Metric width estimation commonly relies on inverse perspective map-
ping (IPM) with camera calibration and RANSAC fitting [Zou et al., 2019, Ali et al., 2020, Dahal et al., 2021],
but assumes clear lane markings[Lu et al., 2025], while temporal models such as SCNNs and ConvLSTM
[Dong et al., 2023, Zhang et al., 2021] have been validated primarily on forward-facing video streams.

Our work addresses these limitations through an integrated pipeline that (1) adapts transformer-based seg-
mentation to the rear-view pavement domain, (2) fuses dual rear-camera observations for marking-independent
width estimation, and (3) applies trajectory-aware temporal smoothing to produce stable metric profiles. To the
best of our knowledge, ours is the first system combining domain-adaptive transformer-based segmentation,
dual rear-view fusion, and trajectory-aware estimation for network-level pavement assessment.

2 Methodology

Figure 2: Schematic of the
dual rear-view camera config-
uration mounted on the pave-
ment survey vehicle.

The proposed system operates on an operational pavement survey vehicle
equipped with a calibrated dual rear-facing RGB camera rig mounted on
a rigid gantry structure, as illustrated in Fig. 2. We propose an end-to-
end system for metric road width estimation using synchronized dual rear-
view cameras mounted on an operational pavement survey vehicle. The pro-
posed pipeline integrates domain-adaptive semantic segmentation, geometric
boundary modeling, metric reconstruction through camera calibration, and
trajectory-aware temporal refinement. An overview of our system is illus-
trated in Fig. 1.

2.1 Sensor Configuration and Data Acquisition

Two cameras are symmetrically positioned on the left and right sides of the
vehicle at a fixed height above the road surface and oriented outward with a
slight downward pitch, enabling unobstructed observation of pavement edges
immediately behind the vehicle. Compared to conventional forward-facing
perception systems, this rear-view configuration reduces occlusions from traffic and headlight glare while pro-
viding stable post-passage visibility of pavement boundaries. This geometry aligns naturally with chainage-
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based pavement survey workflows, where measurements are referenced to physical location along the traveled
trajectory.

Each camera captures synchronized high-resolution imagery at 2560× 2048 pixels, ensuring temporally
aligned left–right image pairs for accurate lateral reconstruction. Images are acquired at fixed spatial intervals
along the vehicle trajectory, providing consistent coverage for downstream geometric processing. To address
the domain gap between publicly available urban datasets and rear-view pavement imagery, a task-specific
dataset was constructed from real-world survey dataset covering diverse roads, including urban, rural, and
maintenance scenarios. Pixel-level annotations were generated for five semantic categories: road, kerb, vegeta-
tion, vehicle, and background.

2.2 Domain-Adaptive Semantic Segmentation

Let I (l )
t and I (r )

t denote synchronized left and right camera images captured at time index t . A semantic seg-
mentation network fθ(·) maps each image to dense per-pixel class likelihoods:

S(i )
t = fθ

(
I (i )

t

)
, i ∈ {l ,r }, (1)

S(i )
t ∈RH×W ×|C | (2)

where |C | represent the total number of semantic classes and the final semantic prediction is obtained as:

M (i )
t (x, y) = argmax

c∈C
S(i )

t (x, y,c). (3)

Pixels corresponding to the pavement boundary are extracted by identifying road-class pixels adjacent to a
differently-labelled pixel within a local neighbourhood N :

E (i )
t = {(x, y) | M (i )

t (x, y) = road, ∃(x ′, y ′) ∈N (x, y) : M (i )
t (x ′, y ′) ̸= road},

where jointly considering transitions from road to kerb, vegetation, or other classes keeps the method robust
in scenarios where explicit kerb structures are absent, degraded, or partially occluded, while still preserving
strong geometric cues for boundary localization.

2.3 Geometric Road Boundary Estimation

For each camera view, the extracted pavement boundary pixels E (i )
t are approximated using a single straight

line in image space. Rather than relying on dense contour extraction, a line-based representation provides a
compact and geometrically stable description of road edge, which is suitable for metric projection. A candidate
road boundary is represented as

ℓ(i )
t : a(i )

t x +b(i )
t y +c(i )

t = 0, (4)

where x and y denote image coordinates. Due to incorrect decisions caused by shadow, vegetation, or other
occlusions, the line parameters are estimated using a robust fitting procedure. This is done by minimizing a
robust geometric error over the extracted boundary pixels:

ℓ(i )
t = argmin

ℓ

∑

(x j ,y j )∈E (i )
t

ρ
(|ax j +by j +c|) , (5)

where ρ(·) is a truncated squared loss implemented via RANSAC: residuals below a threshold τ= 5 pixels are
treated as inliers and refit by least squares, while larger residuals are excluded, over 3000 trial hypotheses, sup-
pressing outliers arising from shadows, debris, vegetation intrusion, and transient occlusions. After estimating
the boundary line, a single boundary observation is obtained by traversing the fitted line from the bottom of the

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 178 ISBN 978-1-9195641-0-4



Frame k−1 Frame k Frame k+1

s = 0.225km s = 0.230km s = 0.235km
∆s ∆s

Figure 3: Illustration of trajectory-aware temporal refinement. Rear-view frames are captured at regular spatial
intervals (every ∼5 m) along the vehicle trajectory. For a reference chainage location st , width measurements
within a spatial neighborhood of length 2∆s are aggregated, with ∆s = 5 m matching the inter-frame spacing.
This chainage-based formulation enables physically meaningful smoothing that is invariant to vehicle speed
and frame sampling rate.

image upward and selecting the first row with sufficient local inlier support. Let H denote the image height,
and let x(y) denote the fitted line’s x-coordinate at row y :

x(y) =−b(i )
t y +c(i )

t

a(i )
t

. (6)

Starting from y = H and stepping upward, the fitted line is evaluated row by row until a row with sufficient
nearby boundary support is found, yielding a single point p(i )

t as the image-space input for metric projection.
The search begins at y = H and moves upward because pixels farther from the camera correspond to larger,
less-resolved ground patches under inverse perspective projection, so rows closest to the camera are preferred
whenever reliable; requiring local inlier support before accepting a row makes the selection robust to localized
occlusion or ambiguity, deferring upward only when necessary.

2.4 Metric Reconstruction via Inverse Perspective Projection

Using intrinsic and extrinsic camera calibration, the image-space boundary points p(i )
t obtained in Section 2.3

are projected onto the road surface under a locally planar assumption, with p(i )
t = (u(i )

t , v (i )
t ). Let H = K[r1 r2 t]

denote the ground-plane homography, where K is the intrinsic matrix and (r1,r2,t) are obtained from extrinsic
calibration.

For each trajectory index t , the left and right image-space boundary observations, (u(l )
t , v (l )

t ) and (u(r )
t , v (r )

t ),
are mapped to the ground plane using the inverse homography. The metric road width is then computed as the
Euclidean distance between the projected boundary points:

Wt =
∥∥∥π

(
H−1[u(l )

t , v (l )
t , 1]⊤

)
−π

(
H−1[u(r )

t , v (r )
t , 1]⊤

)∥∥∥
2

. (7)

where π(·) denotes normalization of homogeneous coordinates. This produces a sequence of raw road-width
estimates along the vehicle trajectory.

2.5 Trajectory-Aware Temporal Refinement

During pavement surveys, images are acquired at fixed spatial intervals along the trajectory. In this configura-
tion, synchronized rear-view frames are captured approximately every 5 m of travel, so consecutive frames pro-
vide overlapping views of the same road segment. This introduces a key prior: pavement width varies smoothly
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(a) Original (b) SegFormer (0.70 s) (c) Mask2Former (14.7 s) (d) OneFormer (17.86 s)

(e) Original (f) SegFormer (0.79 s) (g) Mask2Former (0.72 s) (h) OneFormer (0.95 s)

(i) Original (j) SegFormer (0.53 s) (k) Mask2Former (1.05 s) (l) OneFormer (14.56 s)

Figure 4: Qualitative comparison of semantic segmentation models with their inference time in seconds. Rows
correspond to left rear-view pavement scenes, while columns show the original image and predictions from
SegFormer, Mask2Former, and OneFormer. Green lines indicate RANSAC-fitted pavement boundaries fitted
to road edge pixels, and red circles denote observation points for geometric evaluation. Quantitatively, Seg-
Former achieves the highest performance on the rear-view pavement dataset (mIoU: 0.957, mDice: 0.978,
Road IoU: 0.995), substantially outperforming Mask2Former (mIoU: 0.465, mDice: 0.581, Road IoU: 0.872)
and OneFormer (mIoU: 0.013, mDice: 0.025, Road IoU: 0.051).

along distance and does not change abruptly over short spatial extents under normal conditions. Therefore,
neighboring frames contain overlapping geometric information that can improve robustness.

Let st denote the chainage (cumulative travel distance) for frame t . Since measurements are referenced
to physical location rather than time, refinement is performed in the trajectory domain, ensuring invariance to
vehicle speed, frame rate variations, and stop–start motion.

Instantaneous width estimates are susceptible to segmentation uncertainty, geometric amplification during
inverse projection, and localized disturbances (e.g., junctions, occlusions). To enforce spatial consistency, width
measurements are aggregated within a chainage-aligned neighborhood.

Wt = {Wk | |sk − st | ≤∆s}, (8)

where ∆s defines the spatial window length. This formulation is illustrated in Fig. 3. Unlike conventional
temporal filtering based on frame order, this method aggregates measurements over a fixed physical distance,
making refinement directly interpretable for infrastructure analysis. Since neighboring frames are captured
every 5 m, Wt represents multiple observations of the same pavement geometry.

A robust width estimate is obtained by minimizing the ℓ1 deviation within the local neighborhood.

Ŵt = argmin
w

∑
Wk∈Wt

|Wk −w |, (9)
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The final width is computed by aggregating width estimates within a local chainage neighborhood. This
trajectory-aware refinement suppresses isolated outliers while preserving genuine geometric variations, pro-
ducing smooth, physically consistent width profiles suitable for chainage-based pavement assessment.

3 Experiments and Results

3.1 Segmentation Model Evaluation

As the first and most critical stage of our pipeline, semantic segmentation accuracy directly impacts downstream
geometric fitting and temporal aggregation. Therefore, we evaluated different models not only on pixel-level
metrics, but also on boundary continuity, geometric stability, and computational efficiency, all essential for op-
erational deployment. We compared three state-of-the-art models: SegFormer [Xie et al., 2021], Mask2Former
[Zhang et al., 2022], and OneFormer [Jain et al., 2023], on 201 manually annotated rear-view images (102 left,
99 right) spanning five classes (road, vegetation, kerb, vehicle, background), split 80/20 into training and test
sets. Fine-tuned from Cityscapes-pretrained weights for 50 epochs; all models were evaluated on the test set
under identical conditions on the same GPU without any test-time augmentation.

Fig. 4 shows qualitative results with RANSAC-fitted boundaries (green lines). SegFormer consistently pro-
duces smooth, coherent road masks with well-defined edges, giving a stable boundary even under shadows,
occlusions, and perspective distortion. In contrast, Mask2Former gives fragmented masks near boundaries,
leading to discontinuous edge points and unstable RANSAC fits. OneFormer suffers from severe class confu-
sion, preventing meaningful boundary extraction quite often. Based on these model evaluations, we selected
SegFormer for our segmentation.

3.2 Road-Width Estimation and Results

Following model selection, the performance of our road width estimation pipeline is evaluated through a large-
scale comparison between historical data collected in 2018 and recent measurements in 2025. In 2018, a single
road width was recorded for each 100 m sample unit, whereas in 2025, twenty estimates of rear-view image
pairs are acquired per 100 m interval at regular spacing along the vehicle trajectory. Due to this substantial
difference in acquisition protocol, direct point-to-point comparison is not meaningful. Instead, we observe ge-
ometric consistency, spatial behavior, and network-level agreement using aggregated statistics for each section.

Fig. 5a shows a comparison of historical road widths (2018) vs. estimated widths by our system. It can
be observed that the estimated widths are consistently lower than historical measurements while preserving the
relative ordering between road sections, indicating that the framework captures meaningful geometric variation
rather than converging to a nominal width.

This systematic offset likely reflects a combination of factors: the 2018 and 2025 measurements were cap-
tured using different camera systems with independent orientations and calibrations, so any bias in mounting
height, pitch angle, or intrinsic parameters propagates directly into the projected width without a shared refer-
ence to cross-check consistency; and the seven-year interval between surveys leaves open the possibility of gen-
uine physical change in pavement geometry over time. The consistency and directionality of the offset across
sections suggests a systematic rather than random cause, which we intend to isolate through cross-validation
against high-accuracy ground truth in future work.

Beyond aggregated averages, the dense measurements enable continuous longitudinal analysis along chainage.
As illustrated in Fig. 5b, the estimated width profile closely follows historical trend while exhibiting smooth and
stable behavior, which is essential for pavement management systems that rely on consistent chainage based
indicators for segmentation and maintenance planning.

This strong alignment empirically validates the trajectory-aware temporal refinement strategy, which aggre-
gates measurements over fixed physical distances rather than frame indices to produce geometrically consistent
width estimates. Overall, our system delivers stable, infrastructure-relevant road-width measurements across a
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(a) Average road width by section. (b) Longitudinal road-width profile.

Figure 5: Comparison of 2018 pavement survey widths and 2025 system estimates. (a) Average road widths by
representative section, with error bars denoting the standard deviation of chainage-level measurements within
each section. (b) Longitudinal width profile along a representative road section, showing the estimated mea-
surements closely following the historical trend while exhibiting smooth and stable behaviour.

diverse regional road network. Although absolute differences relative to historical surveys are observed, these
remain systematic and consistent.

4 Conclusion and Future Work

This paper presented a domain-adaptive framework for metric road width estimation using dual rear-view cam-
eras mounted on operational pavement survey vehicles. The proposed framework overcomes key limitations of
marking-dependent and forward-facing vision approaches, by combining fine-tuned transformer-based seman-
tic segmentation, calibrated multi-view geometric reconstruction, and trajectory-aware temporal smoothing.
Extensive evaluation on real visual survey data demonstrates that the framework produces dense, stable, and
metrically consistent width profiles, including on challenging unmarked and rural roads. Our approach requires
no additional hardware, integrates seamlessly with existing visual survey workflows, and delivers infrastructure-
grade geometric measurements at network scale.

While the proposed framework demonstrates robust performance, it operates under certain practical con-
straints. First, the 2018 baseline measurements were derived from manually segmented road boundaries, fol-
lowed by automated metric reconstruction to estimate road width. Consequently, our system’s validation as-
sesses consistency between a semi-automated baseline and a fully automated system, rather than direct manual
ground-truth verification. Second, the system assumes the availability of a calibrated dual rear-camera rig,
which may not always be available. Third, although trajectory-aware smoothing improves temporal stability,
the use of a fixed spatial window (∆s) may not adapt optimally to roads with highly variable geometry or
frequent transitions, such as urban intersections or work zones.

Future work will focus on cross-validating vision-based width estimates against high-accuracy manual sur-
veys and mobile LiDAR measurements on selected road sections to establish absolute accuracy bounds. We also
plan to incorporate explicit junction and road-transition detection, as well as shadow-aware and illumination-
invariant segmentation to improve performance under challenging conditions. Finally, we will investigate adap-
tive smoothing strategies in which the spatial window (∆s) varies according to road type, curvature, and con-
textual cues.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 182 ISBN 978-1-9195641-0-4



References

[Ali et al., 2020] Ali, A., Hassan, A., Ali, A. R., Khan, H. U., Kazmi, W., and Zaheer, A. (2020). Real-time
vehicle distance estimation using single view geometry. In Proceedings of the IEEE/CVF Winter Conference
on Applications of Computer Vision, pages 1111–1120.

[Dahal et al., 2021] Dahal, A., Golab, E., Garlapati, R., Kumar, V. R., and Yogamani, S. (2021). Roadedgenet:
Road edge detection system using surround view camera images. Electronic Imaging, 33:1–8.

[Dong et al., 2023] Dong, Y., Patil, S., Van Arem, B., and Farah, H. (2023). A hybrid spatial–temporal deep
learning architecture for lane detection. Computer-Aided Civil and Infrastructure Engineering, 38(1):67–86.

[Hecker et al., 2018] Hecker, S., Dai, D., and Van Gool, L. (2018). End-to-end learning of driving models with
surround-view cameras and route planners. In Proceedings of the european conference on computer vision
(eccv), pages 435–453.

[Jain et al., 2023] Jain, J., Li, J., Chiu, M. T., Hassani, A., Orlov, N., and Shi, H. (2023). Oneformer: One
transformer to rule universal image segmentation. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pages 2989–2998.

[Lu et al., 2025] Lu, Z., Pang, J., and Zhou, Z. (2025). Geometry-aware cross-modal translation with temporal
consistency for robust multi-sensor fusion in autonomous driving. Electronics, 14(23):4663.

[Mahlberg et al., 2022] Mahlberg, J. A., Li, H., Cheng, Y.-T., Habib, A., and Bullock, D. M. (2022). Measuring
roadway lane widths using connected vehicle sensor data. Sensors, 22(19):7187.

[Paszke et al., 2016] Paszke, A., Chaurasia, A., Kim, S., and Culurciello, E. (2016). Enet: A deep neural
network architecture for real-time semantic segmentation. arXiv preprint arXiv:1606.02147.

[Pu et al., 2022] Pu, M., Huang, Y., Liu, Y., Guan, Q., and Ling, H. (2022). Edter: Edge detection with
transformer. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pages
1402–1412.

[Xie et al., 2021] Xie, E., Wang, W., Yu, Z., Anandkumar, A., Alvarez, J. M., and Luo, P. (2021). Segformer:
Simple and efficient design for semantic segmentation with transformers. Advances in neural information
processing systems, 34:12077–12090.

[Xu et al., 2021] Xu, Y., Xu, W., Cheung, D., and Tu, Z. (2021). Line segment detection using transformers
without edges. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pages 4257–4266.

[Yuan et al., 2023] Yuan, T., Cao, W., Zhang, S., Yang, K., Schoen, M., and Duraisamy, B. (2023). Lane
detection and estimation from surround view camera sensing systems. In 2023 IEEE SENSORS, pages 1–4.
IEEE.

[Zhang et al., 2022] Zhang, G., Navasardyan, S., Chen, L., Zhao, Y., Wei, Y., Shi, H., et al. (2022). Mask
matching transformer for few-shot segmentation. Advances in Neural Information Processing Systems,
35:823–836.

[Zhang et al., 2021] Zhang, J., Deng, T., Yan, F., and Liu, W. (2021). Lane detection model based on spatio-
temporal network with double convolutional gated recurrent units. IEEE Transactions on Intelligent Trans-
portation Systems, 23(7):6666–6678.

[Zou et al., 2019] Zou, Q., Jiang, H., Dai, Q., Yue, Y., Chen, L., and Wang, Q. (2019). Robust lane detection
from continuous driving scenes using deep neural networks. IEEE transactions on vehicular technology,
69(1):41–54.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 183 ISBN 978-1-9195641-0-4



SCULPT: Training Edge Vision Models for Post-Training
Quantization Readiness

Bharadwaj Kavuri, Sourav Babu-PK, Varadhraj Ellapan, Pullarao Maddu, Prasad Deshpande

Valeo Vision Systems, Tuam, Ireland
Valeo India Pvt. Ltd, Chennai, India

Abstract

Edge vision models are difficult to deploy on resource-constrained hardware, making low-bit post-
training quantization (PTQ) attractive. In practice, standard FP32 training often produces heavy-tailed
activation distributions whose outliers destabilize activation quantization: preserving the full range wastes
quantization bins on rare extremes, while aggressive clipping causes information loss. Existing solutions
typically rely on quantization-aware training (QAT), which adds training complexity and bit-width coupling,
or advanced PTQ procedures that repair the model after training.

We present SCULPT (Statistical Clipping and Uniform Loss for Post-Training), a training-time method
that improves PTQ readiness during ordinary FP32 fine-tuning. SCULPT combines a topology-aware acti-
vation regularizer that suppresses quantization-hostile skewness and kurtosis with a stable percentile-based
clipping mechanism that learns deployment-ready activation bounds. Unlike QAT, SCULPT does not sim-
ulate quantization during optimization; unlike post hoc outlier-repair PTQ methods, it does not require
runtime activation transformations. The learned clipping bounds can be exported directly into a standard
PTQ workflow for low-bit deployment, including INT8 and lower-bit settings such as W4A8.

Keywords: Post-training quantization, Activation outliers, Edge vision, Model compression

1 Introduction

Edge vision and perception models remain difficult to deploy on resource-constrained hardware due to tight
latency, memory, and power budgets. Low-bit quantization is attractive because it enables efficient integer in-
ference while preserving existing model architectures and deployment pipelines. In practice, however, post-
training quantization (PTQ) often degrades sharply at low precision when activations exhibit heavy-tailed
or highly asymmetric distributions. If the quantizer preserves rare outliers, the effective resolution for the
dense bulk of the distribution becomes too coarse; if it clips aggressively, those rare extremes are truncated
[Banner et al., 2019].

Figure 1 illustrates this failure mode on a representative hard layer. Most activations remain concentrated
in a narrow operating region, but a small number of extreme values drive the maximum far beyond the normal
scale of the layer. This mismatch makes min/max calibration brittle and is a major source of PTQ error.

Existing methods typically address this problem either during quantized training or after the full-precision
model has already been trained. Quantization-aware training (QAT) and related approaches learn clipping
thresholds or quantizer parameters during optimization, but they add training complexity and are often tied
to a specific quantization setting [Choi et al., 2018, Jain et al., 2020, Esser et al., 2020]. On the other hand, ad-
vanced PTQ methods improve low-bit accuracy through post hoc calibration, adaptive rounding, reconstruction,
or activation smoothing after training [Nagel et al., 2020, Li et al., 2021, Xiao et al., 2023]. These methods can
be effective, but they also add workflow complexity or transformations that are unattractive in deployment-
constrained settings.
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Figure 1: Outlier-threshold marker comparison for a representative hard layer
(post.features.4.2.block.1.2). Rare extremes drive the calibration maximum far outward in
standard FP32 PTQ and, to a lesser extent, in QAT. SCULPT keeps the maximum much closer to the normal
layer scale, reducing outlier sensitivity during PTQ calibration.

In this paper, we investigate a different point in the design space: rather than repairing quantization failure
only after training, can a model be trained in full precision so that it is already easier to quantize later? Our cen-
tral hypothesis is that a substantial part of PTQ brittleness originates from activation distributions produced by
ordinary FP32 optimization, especially the emergence of structured activation outliers that are poorly matched
to low-bit uniform quantizers. To test this idea, we propose SCULPT (Statistical Clipping and Uniform Loss
for Post-Training), a training-time method for improving PTQ readiness during ordinary FP32 fine-tuning.

SCULPT combines two components. First, Uniform Activation Distribution Regularization (UADR) penal-
izes excess skewness and kurtosis in selected intermediate activations. Second, StablePercentileClip introduces
stable percentile-based clipping bounds that are adaptive during training and frozen by the end of optimiza-
tion, yielding activation limits that can be exported directly to a standard PTQ workflow. In contrast to QAT,
SCULPT does not simulate quantization during training; in contrast to post hoc outlier-repair methods, it does
not require runtime activation transformations.

Our contributions are:

• We identify structured activation outliers from standard FP32 training as a major obstacle to low-bit PTQ.

• We propose SCULPT, combining topology-aware activation regularization with stable percentile clipping
to improve PTQ readiness.

• We evaluate SCULPT under a matched quantization contract and analyze accuracy, efficiency, and acti-
vation outlier behavior.

2 Related Work

PTQ converts a trained full-precision network into a lower-precision representation, typically using affine or
symmetric quantizers [Jacob et al., 2018]. Its accuracy depends heavily on how well the learned activation
distributions match the target quantizer. For a uniform quantizer with clipping range [−α,α] or [0,α], increasing
α preserves outliers but coarsens the quantization grid, while decreasing α improves resolution for the dense
central mass but clips the tails [Banner et al., 2019]. This tradeoff becomes especially severe at low bit-widths.
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There is a large body of prior work on improving quantization robustness during training. PACT learns
activation clipping parameters [Choi et al., 2018], TQT learns quantization thresholds through backpropaga-
tion [Jain et al., 2020], LSQ learns step sizes for low-bit training [Esser et al., 2020], and Robust Quantization
studies training models resilient across quantization settings [Shkolnik et al., 2020]. These methods typically
optimize under simulated quantization and are therefore naturally viewed as QAT-style approaches.

Another line of work improves PTQ after training through post hoc correction. AdaRound adapts rounding
decisions [Nagel et al., 2020], BRECQ performs block-wise reconstruction [Li et al., 2021], and SmoothQuant
reduces activation outliers by shifting difficulty from activations to weights through an equivalent offline trans-
formation [Xiao et al., 2023]. Recent vision PTQ work has also shown that activation distributions after nonlin-
earities can be poorly matched to standard uniform quantizers, motivating specialized activation quantization
schemes such as PTQ4ViT [Yuan et al., 2022]. SCULPT targets a different operating point: instead of simulat-
ing quantization during training or repairing the model after training, it modifies the FP32 fine-tuning trajectory
so that the resulting model is more compatible with a later PTQ step.

3 Method

We propose SCULPT, a training-time method for improving the post-training quantization (PTQ) readiness of
neural networks during ordinary FP32 fine-tuning. SCULPT combines two complementary components: (1) a
topology-aware activation regularizer that suppresses quantization-hostile skewness and heavy tails, and (2) a
stable percentile-based clipping layer that learns deployment-ready activation bounds. The regularizer provides
soft distribution shaping, while the clipping layer provides hard boundary enforcement.

Figure 2 summarizes the full SCULPT pipeline. During fine-tuning, Adaptive Stable Percentile Clipping
(Adaptive-SPC) wraps standard activations with percentile-based clamped activations whose bounds are stabi-
lized over time and frozen for deployment. In parallel, UADR tracks activation statistics from selected inter-
mediate tensors and penalizes excess skewness and kurtosis using topology-aware one-sided targets.

3.1 Problem Setup

Let fθ denote a model trained in full precision on task loss Ltask. Our goal is not to quantize the model during
training, but to modify the FP32 training trajectory so that the final model is more robust to later PTQ at low
precision. We focus on intermediate activations, which are often a dominant source of PTQ error when their
dynamic ranges are governed by rare but large outliers. SCULPT seeks to reduce this tradeoff at its source by
shaping activation statistics during FP32 fine-tuning.

3.2 StablePercentileClip

StablePercentileClip learns stable activation bounds during training and exports them directly for later PTQ.
Unlike fixed clipping functions such as ReLU6, the clipping range is estimated from observed activation statis-
tics and refined throughout fine-tuning. Given an input tensor X (t ) at step t , we first apply the wrapped activation
function:

A(t ) =φ
(
X (t )) , (1)

where φ(·) denotes the original activation (e.g., SiLU, ReLU, ReLU6, or Hardswish). Adaptive-SPC estimates
percentile bounds on the output of the wrapped activation, not on the pre-activation tensor. StablePercentileClip
therefore wraps the original activation rather than replacing it, preserving the underlying nonlinearity while
adding learned post-activation bounds.

Let V (t ) ∈RN denote the flattened version of A(t ). To control sorting cost, we form a strided subsample Ṽ (t )

using

s = max

(
1,

⌊
N

Nmax

⌋)
, (2)
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and
Ṽ (t ) =

{
V (t )

i ·s
}⌊N /s⌋−1

i=0
. (3)

We then compute detached lower and upper percentile estimates:

Q(t )
lower = Quantile

(
Ṽ (t ), plower

)
, Q(t )

upper = Quantile
(
Ṽ (t ), pupper

)
, (4)

Q̂(t )
lower = sg

(
Q(t )

lower

)
, Q̂(t )

upper = sg
(
Q(t )

upper

)
. (5)

We maintain running lower and upper bounds updated with inverse-time momentum:

αt =
α0

1+γt
, (6)

M (t )
lower = (1−αt )M (t−1)

lower +αtQ̂(t )
lower, (7)

M (t )
upper = (1−αt )M (t−1)

upper +αtQ̂(t )
upper. (8)

The clipped activation is then
Y (t ) = clip

(
A(t ), M (t )

lower, M (t )
upper

)
. (9)

Because the running bounds are updated through detached statistics, gradients do not propagate through
the quantile computation itself. During backpropagation, the layer behaves like a hard clamp applied after the
wrapped activation.

3.3 UADR

Stable clipping constrains activation range but does not explicitly discourage skewed or heavy-tailed activa-
tion shapes. To complement it, we apply UADR to selected learnable-layer outputs. Here, “topology-aware”
refers to the functional position of an activation within a computation block, such as pre-activation linear out-
puts versus post-activation tensors. Although we retain the acronym UADR, the regularizer does not force
activations toward a strictly uniform distribution; instead, it suppresses excess skewness and heavy tails using
topology-aware one-sided targets.

Let X (l ) ∈ RN denote the flattened output tensor of learnable layer l . We compute the empirical mean and
standard deviation:

µl =
1

N

N∑
i=1

X (l )
i , σl =

√√√√ 1

N

N∑
i=1

(
X (l )

i −µl

)2
+ϵ, (10)

and standardized activations

Z (l )
i =

X (l )
i −µl

σl
. (11)

Skewness and kurtosis are then

γ
(

X (l )
)
= 1

N

N∑
i=1

(
Z (l )

i

)3
, κ

(
X (l )

)
= 1

N

N∑
i=1

(
Z (l )

i

)4
. (12)

In the experiments of this paper, we use the simpler setting

γ(l )
T = 0 (13)

for all regularized layers, and a shared upper target κT = 3.
The per-layer UADR loss is

L (l )
UADR =α max

(
0,γ

(
X (l )

)
−γ(l )

T

)2
+β max

(
0,κ

(
X (l )

)
−κT

)2
. (14)
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Figure 2: Overview of SCULPT. Adaptive-SPC learns stable activation bounds for PTQ export, while UADR
penalizes excess skewness and kurtosis.

Let S denote the set of layers to which UADR is applied. In our implementation, UADR is applied
to Conv2d and Linear outputs, while Adaptive-SPC is inserted after SiLU, ReLU, ReLU6, and Hardswish
activations. The total training objective is

Ltotal =Ltask +λ
∑

l∈S

L (l )
UADR. (15)

UADR and StablePercentileClip play complementary roles: UADR reduces the tendency of intermediate
activations to develop excessive skewness and heavy tails, while StablePercentileClip enforces explicit acti-
vation bounds that stabilize into deployment-time clipping limits. After fine-tuning, the learned bounds are
frozen and exported as layerwise activation limits for deployment, so the resulting model can be quantized us-
ing a standard PTQ workflow without simulated quantization during training and without runtime outlier-repair
transforms.

4 Experimental Setup

We evaluate SCULPT on EfficientNet-B0 [Tan and Le, 2019] with ImageNette [Howard, 2019, Deng et al., 2009]
as a controlled low-bit quantization testbed. The baseline model is initialized from Torchvision ImageNet-
1K EfficientNet-B0 weights, adapted to 10 classes, and trained in FP32 for 80 epochs using AdamW, label
smoothing of 0.1, RandAugment, automatic mixed precision (AMP), batch size 128, and a cosine OneCycle
learning-rate schedule.
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Starting from the trained FP32 checkpoint, SCULPT fine-tunes the model with Adaptive Stable Percentile
Clipping inserted after all SiLU, ReLU, ReLU6, and Hardswish activations, and with UADR regularization
applied to all Conv2d and Linear outputs. Adaptive-SPC estimates lower and upper activation percentile bounds
at 0.001 and 0.999, respectively, using an inverse-time exponential moving average. We set Nmax = 100000
for percentile estimation in all experiments. These bounds are frozen after epoch 2 and converted into static
activation-plus-clamp modules for deployment-time PTQ.

For UADR, we use a one-sided hinge penalty with target skewness γT = 0, target kurtosis κT = 3, α= 0.01,
β= 0.01, and global regularization weight λ= 5×10−4, which is reduced by a factor of 0.1 after SPC freezing.

We compare standard FP32 PTQ, SCULPT PTQ, and QAT under an identical supergroup QDQ contract.
The PTQ setup uses per-channel symmetric weight quantization, per-tensor asymmetric activation quantization,
and min/max calibration over 32 calibration batches. QDQ nodes are placed before Conv/Linear modules and
after activation or SPC clamp modules, with no QDQ inserted between Conv and SiLU/ReLU/SPC. The QAT
baseline uses native PyTorch fake quantizers under the same supergroup boundaries.

Checkpoint selection is based on quantized validation accuracy under the matched supergroup PTQ contract
rather than FP32 validation accuracy. For FP32, SCULPT, and QAT runs, epoch-level PTQ tracking is used to
identify the best deployment-relevant checkpoint.

5 Experimental Results

5.1 Main Quantization Results

Table 1 compares standard FP32 PTQ, SCULPT-conditioned PTQ, and QAT baselines under the same super-
group QDQ contract. SCULPT substantially improves low-bit PTQ relative to naive FP32 PTQ. In the pri-
mary W8A8 setting, standard FP32 PTQ achieves 90.5478% top-1 accuracy, whereas SCULPT PTQ reaches
99.3631%, an absolute gain of 8.8153 percentage points. Under the same W8A8 setting, the tested QAT base-
line reaches 98.2420%, which remains below SCULPT PTQ by 1.1211 points.

The same trend holds at W4A8. Standard FP32 PTQ drops sharply to 40.5605%, whereas SCULPT PTQ
reaches 80.2803%, slightly exceeding the tested QAT W8A8 PTQ baseline at 79.4395%. These results sug-
gest that conditioning activation statistics during FP32 fine-tuning can substantially improve downstream PTQ
robustness, even without simulated quantization during training.

Method FP32 W8A8 PTQ W4A8 PTQ Best PTQ Step
FP32 99.2866 90.5478 40.5605 3577
SCULPT 99.5159 99.3631 80.2803 584
QAT W8A8 97.7325 98.2420 79.4395 2044
QAT W4A8 93.1465 89.9618 98.2675 2044

Table 1: Main results under the shared QDQ contract.

SCULPT reaches its best W8A8 PTQ result after 584 optimizer steps, compared with 2044 for the tested
W8A8 QAT baseline and 3577 for naive FP32 PTQ. Its full run is also shorter: 16 epochs / 1168 steps, versus
30 epochs / 2190 steps for both QAT baselines and 80 epochs / 5840 steps for the original FP32 run.

Although dedicated low-bit QAT remains stronger in its target setting, SCULPT is designed to improve
PTQ readiness without simulated quantization during training, and is therefore most directly compared against
naive PTQ and the matched W8A8 QAT baseline in the primary deployment setting.

5.2 Activation Distribution Analysis

To understand why SCULPT improves PTQ accuracy, we analyze the activation distributions observed after
training. Across the 131 encoded activation boundaries used in the quantized model, our layer-wise analysis
shows that SCULPT reduces the mean PTQ NRMSE/std from 0.04818 for standard FP32 PTQ to 0.01519,
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Figure 3: Scalar metrics for a representative hard layer. Lower is better in all three cases. SCULPT sharply
reduces outlier score, absmax/std, and PTQ NRMSE/std relative to both standard FP32 PTQ and the tested
W8A8 QAT baseline.

and reduces the mean absmax/std from 42.04 to 11.56. These reductions are consistent with the intended role
of SCULPT: suppressing the rare extreme values that otherwise dominate min/max calibration and stretch the
quantization range.

Figure 3 summarizes a representative hard layer (post.features.4.2.block.1.2) using scalar
metrics. SCULPT reduces the outlier score from 325.08 in FP32 PTQ and 129.12 in QAT to 19.99, reduces abs-
max/std from 317.6 and 125.8 to 14.4, and reduces normalized PTQ error from 0.2841 and 0.1452 to 0.0163, re-
spectively. These results indicate that SCULPT does not merely shift calibration slightly; it materially changes
the tail behavior that makes PTQ brittle in the first place.

5.3 Discussion

These results suggest that a substantial portion of PTQ brittleness can be mitigated before quantization itself,
by modifying the activation statistics learned during FP32 fine-tuning. In this controlled benchmark, SCULPT
yields a substantially stronger PTQ checkpoint than naive FP32 PTQ and also compares favorably to the tested
W8A8 QAT baseline while requiring fewer optimization steps to reach its best quantized result.

6 Conclusion

We presented SCULPT, a training-time method for improving post-training quantization (PTQ) readiness dur-
ing ordinary FP32 fine-tuning. SCULPT combines a topology-aware activation regularizer that suppresses
quantization-hostile skewness and heavy tails with a stable percentile-based clipping mechanism that learns
deployment-ready activation bounds. Together, these components condition the full-precision model so that
later low-bit PTQ becomes substantially more robust without simulated quantization during training or runtime
outlier-repair transforms.

On EfficientNet-B0/ImageNette under an identical supergroup QDQ contract, SCULPT substantially out-
performs naive FP32 PTQ and compares favorably to the tested W8A8 QAT baseline. In the primary W8A8
setting, SCULPT PTQ reaches 99.3631% top-1 accuracy, compared with 90.5478% for standard FP32 PTQ and
98.2420% for the tested W8A8 QAT baseline. These results support the hypothesis that a substantial portion
of PTQ brittleness can be mitigated before quantization itself. Extending the same analysis to more complex
perception models remains an important next step.
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Abstract

We present Pix2Repair, an automated shape repair approach that generates restoration shapes from im-
ages to repair fractured objects. Prior repair approaches require a high-resolution watertight 3D mesh of the
fractured object as input. Such input 3D meshes must be obtained using expensive 3D scanners and require
manual cleanup, limiting accessibility and scalability. Pix2Repair takes an image of the fractured object
as input and automatically generates a 3D printable restoration. We contribute a novel shape function that
deconstructs a latent code representing the fractured object into a complete shape and a break surface. We
collect a dataset of fractured everyday objects and show restorations for real fractures from our dataset and
for synthetic fractures from the Geometric Breaks and Breaking Bad datasets. Our approach outperforms
shape completion approaches adapted for shape repair in terms of chamfer distance, normal consistency,
and percent restorations generated.

1 Introduction

We all know the frustration of trying to repair a treasured glass, vase, or mug that has been acciden-
tally fractured, e.g., Figure 1(a). Sometimes fractured objects can be repaired via reassembly. How-
ever, in many cases parts are destroyed or lost during the fracturing process leaving gaps in the re-
paired object. Automated shape repair approaches seek to fill this gap by automatically generating restora-
tion shapes for fractured objects. In addition to preserving heirlooms, object repair algorithms have
the potential to reduce household waste, restore cultural heritage objects, and automate industrial re-
cycling. A recent body of work has emerged to automate the repair of fractured objects by predict-
ing 3D printable restoration shapes using machine learning [Hermoza and Sipiran, 2018, Lamb et al., 2022c,
Lamb et al., 2022b, Lamb et al., 2022a, Jaramillo and Sipiran, 2024]. However, existing approaches operate in
low-resolution voxel space [Hermoza and Sipiran, 2018], or require high resolution 3D scans of the fractured
object [Lamb et al., 2022c, Lamb et al., 2022b, Lamb et al., 2022a, Jaramillo and Sipiran, 2024] which must be
obtained using expensive scanners, e.g., the $2,000 (USD) Einscan-SP, making them inaccessible to consumers.

We present Pix2Repair, an approach to automatically generate repair parts for fractured objects from im-
ages. Our approach builds on prior approaches that perform shape completion from images using implicit
representations [Murez et al., 2020, Lin et al., 2020, Mescheder et al., 2019, Wang et al., 2022, Xu et al., 2020,
Chen and Zhang, 2019, Li and Zhang, 2021, Hui et al., 2022, Cheng et al., 2023]. However, existing shape
completion approaches generate a complete shape from a partial observation, e.g., an image that observes
the complete shape from a fixed perspective. Unlike traditional shape completion, our approach generates a
restoration shape from an image of a fractured object, such as the image shown in Figure 1(a). Generating
restoration shapes is a harder task than generating complete shapes as restorations are often much smaller than
complete shapes, as is the case for the restoration shape in Figure 1(f). Restorations also contain high-frequency
geometry at the point of fracture that is difficult to predict directly.
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Figure 1: We present Pix2Repair, an automated shape repair approach. Pix2Repair takes an image of a fractured
object as input, automatically removes the background, and predicts a complete shape and break surface, which
combine to generate a restoration shape.

To overcome the challenge of representing shapes with small size and high-frequency surface detail, we
compute the repair shape as the Boolean intersection of a predicted complete shape and break shape, where the
break shape is given by a break surface, shown in Figures 1(e). Our approach draws inspiration from exist-
ing shape repair approaches [Lamb et al., 2022b, Lamb et al., 2022a], which similarly represent the restoration
shape as a Boolean intersection. However, our approach learns to predict a complete shape and break surface
from a single shape code representing the fractured object, in contrast to prior approaches that obtain two sepa-
rate complete and break codes by performing iterative optimization during inference. Learning a mapping from
the fractured shape code to the complete shape and break surface allows our network to predict restoration
shapes directly from color images of the fractured shape. Accepting images as input makes Pix2Repair more
accessible to consumers and faster during inference than prior approaches.

2 Related Work

Approaches to perform repair of damaged objects use voxels [Hermoza and Sipiran, 2018], point
clouds [Jaramillo and Sipiran, 2024], or leverage implicit representations [Lamb et al., 2022b,
Lamb et al., 2022c, Lamb et al., 2022a]. Approaches based on implicit representations learn a mapping
from fractured shapes to restoration shapes [Lamb et al., 2022c], or learn occupancy [Lamb et al., 2022b],
or combined signed distance, occupancy, and normal field functions [Lamb et al., 2022a] for a com-
plete shape and break surface that combine to generate the restoration shape. Unlike these approaches
that use 3D shape as input, our work uses images, enabling repair from a single image. Work ex-
ists in generative prediction of brittle fractures [Huang and Kanai, 2025] and in understanding images
of cultural heritage objects using vision language models [Zhang et al., 2026]. Approaches have also
investigated re-assembly [Chen et al., 2022, Tsesmelis et al., 2024], where the goal is assembling ex-
isting pieces rather than inferring new missing ones. A related field of study is shape completion,
which focuses on generating a complete shape from single and multi-view images [Xie et al., 2020,
Wu et al., 2023, Yi et al., 2021, Liu et al., 2023, Chen et al., 2026, Wang et al., 2021, Cheng et al., 2023].
A large body of recent work has focused on learning to represent shapes implicitly using func-
tions [Murez et al., 2020, Lin et al., 2020, Chen and Zhang, 2019, Wang et al., 2022, Li and Zhang, 2021,
Xu et al., 2020, Hui et al., 2022, Mescheder et al., 2019, Wang et al., 2021], including methods to learn
multi-scale implicit fields [Wang et al., 2022], disentangle object geometry and texture [Li and Zhang, 2021],
impose symmetry constraints [Xu et al., 2020], or deforming shape templates [Hui et al., 2022]. Unlike shape
completion approaches, our approach learns to predict a restoration shape as the Boolean intersection of two
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other shape functions, i.e., the complete shape and break surface.

3 Pix2Repair

We use the approach from DeepMend [Lamb et al., 2022b] to represent a restoration shape R as arithmetic re-
laxations to logical operations between learnable occupancy function representations oC and oB of a complete
shape C and a break surface B , as oR (x) = oC (x)oB (x), where x ∈R3 represents a 3D point. We learn two func-
tions, fC and fB , to represent occupancy in the complete shape and occupancy in the break shape respectively.
During training, the function fC is tasked with learning a one-to-many mapping from the fractured shape obser-
vation to the complete shape. The function fB is tasked with learning a one-to-one mapping from the fractured
shape observation to the break shape. Each function takes point x ∈ R3 as input and is conditioned on a latent
code corresponding to an observation of the fractured shape z, such that oC (x) = fC (z,x) and oB (x) = fB (z,x).
During training and testing we obtain z by passing an input image through an image encoder g to obtain a frac-
tured shape latent code. We compute occupancy in the restoration shape by substituting the predicted values
into its occupancy representation, i.e., as oR (x) = fB (z,x) fC (z,x).

We train our network on complete, break, and restoration shape tuples (C ,B ,R). We use ôC (x), ôB (x), and
ôR (x) to denote the ground truth occupancy values for shapes C , B , and R respectively at a point x. During
training, for each shape tuple we optimize with respect to the loss

L =∑
x∈X (BC E (oC (x), ôC (x))+λB BC E (oB (x), ôB (x))+λR BC E (oR (x), ôR (x))) . (1)

In Equation (1), BC E is the binary cross-entropy loss, and X is a set of probing points. The individual loss
terms encourage the predicted values for the complete, break, and restoration shapes to converge to the ground
truth values during training. λB and λR are coefficients that allow us to balance the relative importance of the
complete, break, and restoration shape loss. During training we optimize with respect to the parameters of g ,
fC , and fB . We use λB = 1.0 and λR = 1.0. To perform optimization we use the Adam optimizer with a learning
rate of l r = 2e−5. For all experiments we train our approach for 10 epochs. Unless otherwise specified we use
ResNet34 as our image encoder g . We concatenate ResNet34 with a fully connected layer with 512 output
nodes to obtain a 512 dimensional fractured shape code z. We represent the occupancy functions fC and fB

using two neural networks with 6 ResNet blocks and batch normalization. Each ResNet block has 256 nodes
with leaky ReLU activation functions. The latent code and points are input to fC and fB separately using two
fully connected layers with 256 output nodes and added together after the first layer. The final layer has a single
output node with a sigmoid activation function.

To obtain sample points for training, for each training shape tuple we pre-compute n sample points uni-
formly in a cube with side lengths of 1.1 units surrounding the shapes. We also pre-compute n sample points
on the surface of each shape in the tuple, and offset the surface points randomly according to a Gaussian dis-
tribution with σ = 0.01. We combine the uniform and surface sampled points into a single set P . We use
n = 50,000. On each training iteration we randomly select a subset X ⊂ P of m sample points from the pre-
computed uniform and surface sampled points. We select the points X such that, for each shape S ∈ {C ,B ,R},
at least m

6 points lie inside of S and at least m
6 points lie outside of S. During training, we use m = 2,048 sample

points. After training our network, to obtain the restoration mesh we query our network with a grid of k3 points
and extract the 0.5 level isosurface using marching cubes. For evaluation we use k = 128. For the visualizations
shown in the paper we use k = 256.

We input images of fractured objects with backgrounds removed to our network. We separately train
a background auto-remover to automatically detect the fractured object and remove the background using
the images and ground truth masks from our dataset. We use Segment Anything Model (SAM) as the base
model and fine-tune its mask decoder to generate favorable masks based on the approach proposed by Med-
SAM [Ma et al., 2024]. A bounding box of the same size as the input image is used as the prompt for the
decoder. To further remove the noise, only the largest connected component in the generated mask is returned
as the final mask. We use Dice Similarity Coefficient (DSC) to evaluate the removal performance. Our auto-
remover achieves an average DSC score of 0.9608, while the original SAM achieves a score of 0.0001.
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Figure 2: Data collection. For ITW images, we (a-b) photograph objects, and (c) use SAM to (d) obtain masked
images. For scanned images, we use the model and .xml files obtained from Einscan scanner 3D scan process
in Fantastic Breaks (scanning process shown in (e)), to (f-g) obtain a mesh and image, and use the transform in
(h) to (i) insert the mesh into the image and (j) obtain the masked image.

Figure 3: Example ITW photographs (left set) and scanned images (right set) from our dataset.

4 Experiments

We train Pix2Repair on different combinations of two synthetic datasets, as well as a dataset of real images that
we collected, and evaluate it on our in-house dataset. Since no image-based shape repair approaches exist, for
comparison, we adapt two existing shape completion approaches, Pix2Vox++ [Xie et al., 2020] and Occupancy
Networks (ONet) [Mescheder et al., 2019], to take images as input to perform shape repairs.

In-house Dataset of Real Images. We create an in-house dataset of 11,637 real-world images of damaged
objects from Fantastic Breaks [Lamb et al., 2023], allowing shape repair approaches to use 3D models from
Fantastic Breaks for training and evaluation. 9,528 images are taken “in-the-wild”, i.e., photographed in a
variety of residential, office, and classroom environments, and 2,109 scanned images from the imaging process
used to generate 3D scans for Fantastic Break. As shown in the left set of Figure 3, the 9,528 in-the-wild
images are obtained using consumer grade phones and cameras. We recruited 14 experimenters to obtain
photographs. Each object was photographed by at least two experimenters, from multiple viewpoints in at least
three locations, as shown in Figure 2(a). Photographs were taken in diverse locations and against a variety of
backgrounds within university premises. Two experimenters manually selected a seed point as input to SAM,
and selected a segmentation level (out of three possible levels) that best segmented the object, as shown in
Figure 2(c). Figure 2(d) shows a masked image example. We obtain the 2,109 scan images by parsing scan
files of the objects provided by Fantastic Breaks through scanning the object using the Einscan-SP 3D scanner.
The scan process is shown in Figure 2(e). We collected images from the scan files obtained by the authors
of Fantastic Breaks. During scanning, the scanner software produces a single .xml project file that contains
pointers to the color images and depth scans, as well as the scanner intrinsic matrix. Color images are saved
as .bmp files. Depth scans are saved as binary .rge files, which also store the camera frame, distance from
the camera to the scanner turntable, depth scan points, colors, and normals, and the transformation matrix T
that aligns the depth scan to the final high-resolution 3D model. We implement a parser for the .rge files
that enables extraction of the depth scan points, colors, and normals, and the object pose in the image T . We
used our parser to extract colored point clouds with normals that correspond to the depth scans obtained by the
scanner. We show example scanned images at the bottom of Figure 3. We obtained the mask of the object in
each .bmp image using the transformation matrix T stored in the .rge file. We invert T to obtain a transform
that inserts the 3D model in the .bmp image, i.e., T −1, apply T −1 to the 3D model, and project the transformed
model onto the image using the camera intrinsic matrix K to obtain the image mask, as shown in Figure 2(i).
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Figure 4: Repairs for images from our dataset for Pix2Vox++ (P2V++), ONet, and Pix2Repair (P2R) over
various train sets and ground truth (GT). Fractured object in grey, repair in red.

Synthetic Datasets. We use two publicly available fractured object datasets that contain synthetically
fractured objects: Geometric Breaks (GB) [Lamb et al., 2022a] and Breaking Bad (BB) [Sellán et al., 2022].
GB contains 25,250 objects, and each object is fractured between 1 and 10 times. Objects are fractured by
subtracting a randomized geometric primitive from each object. We use objects from the jars, bottles, mugs,
and GSO subsets of the dataset, totaling 5,252 objects. BB contains 10,474 publicly available 3D models. The
dataset is divided into everyday objects, artifact objects, and other objects based on application. Fractures are
synthesized by computing a set of the most likely fracture modes. Each object is fractured 80 times. We use
405 objects from the everyday subset, totaling 32,400 objects. All objects from the GB and BB datasets are
normalized to sit inside a unit cube. Though all objects from GB are oriented upright, some objects from BB are
not. We manually find and remove objects from BB that are oriented perpendicular to canonical orientations
from ShapeNet. To enable computing the occupancy, we also discard BB objects that are not waterproof.
After removal, we have 31,661 BB objects. We generate renders that look directly at the fractured region. We
follow prior work that trains on synthetic renders [Hui et al., 2022, Chen and Zhang, 2019, Huang et al., 2022,
Mescheder et al., 2019]. To create renders, we compute the volumetric center of all vertices on the fractured
region. We place a camera looking at the center of the fractured region vertices. We fit a plane to the fractured
region vertices, and offset the camera in the direction of the plane normal. The normal may be pointing in
the incorrect direction, i.e., pointing into the fractured object. To prevent incorrect normals, we compute the
average dot product between the normal and the set of vectors pointing from the center of the fractured region
vertices to the vertices in the fractured object, and flip the normal if the dot product is positive. We offset
the camera in the direction of the normal such that it observes the entire object. We light the object using
ambient lighting and using a camera-centered spotlight. We render objects at 224×224 pixel resolution using
Pyrender. We split each dataset into 70%/30% train/test sets within classes. As GB contains a high number of
diverse objects (5,252) and a low number of fractures per object (1-10), we randomly select five renders from
each fractured object in the dataset, giving us 18,170 training and 8,090 testing renders. As BB contains a low
number of diverse objects (405) and a high number of fractures per object (80), we randomly select one render
from each fractured object, giving us 22,219 training and 10,181 testing renders. We use the same split as
Fantastic Breaks for our dataset, giving us 8,598 training and 3,039 testing images. We do not allow train/test
object sets to overlap.

Adapted Shape Repair Approaches. We adapt ONet and Pix2Vox++ to perform shape repair using images
as our baselines. ONet represents shapes implicitly using the occupancy function. Pix2Vox++ represents shapes
as voxels. To adapt shape completion approaches for shape repair, we feed images of fractured objects as
input and train each approach to predict the restoration shape. For Pix2Vox++ we implement their 1283 voxel
resolution network, and train the network on 1283 resolution voxelized restoration shapes. For ONet, we use
our point sampling approach to obtain 100,000 uniform and surface sampled points.
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Pix2Vox++ ONet Pix2Repair
Train Set NZ % ↑ CD ↓ NC ↑ NZ % ↑ CD ↓ NC ↑ NZ % ↑ CD ↓ NC ↑
GB 8.2% 0.230 0.518 83.9% 0.165 0.520 95.5% 0.125 0.497
BB 84.9% 0.147 0.530 87.0% 0.095 0.545 99.7% 0.068 0.577
BB + GB 36.49% 0.193 0.497 87.4% 0.121 0.528 99.2% 0.092 0.548
Ours + GB 83.1% 0.103 0.532 99.4% 0.062 0.635 99.9% 0.062 0.599
Ours + BB 86.3% 0.108 0.533 99.5% 0.051 0.641 100.0% 0.051 0.646
Ours + BB + GB 76.0% 0.134 0.538 99.7% 0.056 0.642 99.9% 0.055 0.637
Ours 90.4% 0.087 0.532 99.9% 0.049 0.638 100.0% 0.055 0.617

Table 1: Non-zero percentage (NZ%), chamfer distance (CD), and normal consistency (NC) for repair ap-
proaches. GB=Geometric Breaks, BB=Breaking Bad, Ours=Our in-house dataset. Best values are in bold.

5 Results

We show the quantitative results on our dataset in Table 1 and example restorations for objects from our dataset
generated by Pix2Repair in Figure 1(h) and 4. The results demonstrate that Pix2Repair has the best performance
in all but one case. They also illustrate that training repair approaches on the images of real fractured objects or
synthetic datasets augmented with such real images is necessary to generate accurate restorations of real objects.
To evaluate predicted restoration shapes, we use the chamfer distance (CD). CD is an indicator of overall shape
similarity, but may fail to capture out-of-distribution predictions [Wu et al., 2021]. A challenge of predicting
canonically oriented restoration shapes is that the pose of the restoration shape cannot be determined for objects
with rotational symmetry. As the location of the fractured region is independent of the object’s canonical
orientation, the network cannot accurately estimate where the restoration shape should be placed relative to the
canonically oriented fractured shape. To evaluate symmetric shapes, we rotate the restoration shape around
the up-axis P times, and take the rotation that minimizes the CD between the predicted restoration shape and
the ground truth shape to be the pose of the predicted restoration shape. We use P = 36 for all classes in the
dataset. We also evaluate shapes using the normal consistency (NC) [Mescheder et al., 2019]. NC captures
the alignment of surface normals between the predicted and ground truth shapes. We also show the non-zero
percentage (NZ%), that denotes the percentage of fractured shapes for which a restoration shape is generated,
i.e., for which the occupancy is not predicted as all zero. We compute CD and NC over 30,000 points.

We show the results of training on the images of synthetically fractured objects from Geometric Breaks
(GB) and Breaking Bad (BB) and evaluating on our dataset in the first 3 rows of Table 1. We observe that all
approaches struggle to generate accurate repair parts for objects when trained on synthetic data, as shown by the
relatively high CD, e.g., of 0.125, 0.068, and 0.092, and 0.165, 0.095, and 0.121 for Pix2Repair and ONet when
trained on GB, BB, and BB + GB respectively, compared to the bottom 4 rows of Table 1. Qualitative results
in Figure 4 also show visually poor repairs for GB and BB. Pix2Vox++ struggles to repair a large percentage
of objects, e.g., only 8.4% when trained on GB, as small objects may be reduced to as few as 100 points during
voxelization. We also observe networks trained on BB outperform networks trained on GB in terms of CD and
NC, as shown in rows 1 and 2 of Table 1, likely as the physics-based fracture method of Breaking Bad is more
realistic than the geometric method of Geometric Breaks.

The results of training on datasets that contain both synthetic and real fractured object images are shown
in rows 4-7 of Table 1. For comparison, we also show results training only on objects from out dataset. We
observe that adding real images to any combination of synthetic datasets increases performance, e.g., a CD of
0.125 to 0.062 and of 0.068 to 0.051 using Pix2Repair for GB and BB. We also observe that using our dataset
without any synthetic data performs comparably to training using synthetic data with real data, e.g., with a
CD of 0.051 with Ours+BB and 0.055 for ours using Pix2Repair, and with a CD of 0.051 with Ours+BB and
0.049 with ours using ONet, indicating that for some objects our image dataset contains sufficient variation
to generalize to new 3D shapes. Figure 4 shows that most approaches trained on real data produce visually
appealing repair parts, e.g., the plate for ONet and the coaster and bowl for Pix2Repair. Similar to training on
synthetic datasets only, Pix2Repair outperforms shape completion approaches adapted for completion, except
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for ONet on Fan. We also observe that combining Breaking Bad with our dataset produces some of the best
repairs in terms of CD and NC, as shown in row 5 of Table 1 and column 5 of Figure 4, e.g., with a CD of 0.051
for ONet and NC of 0.646 for Pix2Repair.

6 Conclusion

We present Pix2Repair, an approach to automatically generate restoration shapes from images. Our approach
outperforms existing shape completion approaches adapted for shape repair. In contrast to existing approaches
that require high-resolution 3D models, by operating on images of fractured objects Pix2Repair represents
a significant step forward in increasing the accessibility of repair algorithms. A limitation is that a single
image of the fractured object may not observe parts of the object that are essential to determining its overall
structure. Future work may investigate the use of vision-language models to incorporate interactive interfaces
that guide the user when capturing the initial image or image set of the fractured object. Another limitation is
that restoration shapes predicted by our approach are not accurate to scale, preventing them from being used
directly for 3D printing. Accurately determining object scale from color images without external information
is challenging. One approach to retain scale is to use depth cameras. Future work may explore the use depth
cameras found on smartphones or augmented reality glasses.
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Abstract

Advanced Riding Autonomous Systems (ARAS) are critical for enhancing safety in modern vehicles,
including motorcycles and bicycles. A Forward Collision Warning (FCW) system is a crucial component
of ARAS that aims to prevent accidents by alerting the rider to imminent collisions. However, existing
FCW systems often rely on multiple high-resolution sensors and sophisticated hardware, which are cost-
prohibitive and computationally intensive for widespread adoption, especially in low-cost vehicles. Devel-
oping an effective and affordable FCW system for ARAS poses several technical challenges, including sen-
sor limitations, computational constraints, real-time performance, environmental variability, and lightweight
algorithms. We propose a low-cost, lightweight perception model optimized for a 1.3 MP RGB camera sup-
plemented by IMU and vehicle odometry. The framework accurately detects potential collisions in real
time with minimal false-positive and false-negative rates. We optimize the system for resource-constrained
embedded platforms by balancing processing speed, memory footprint, and power consumption. Extensive
validation across diverse environments demonstrates the robustness and reliability of the proposed FCW
solution for low-cost two-wheeler safety.

Keywords: Advanced Rider Assistance System (ARAS), Forward Collision Warning (FCW), Unstructured-
ARAS, RGB Pinhole-Camera, Low-cost Lightweight Model.

1 Introduction

Figure 1: Conceptual Diagram of ARAS-FCWNet

Advanced Rider Assistance Systems (ARAS) are
gaining significant attention for improving safety
in motorcycles, scooters, bicycles, and other
lightweight mobility [Kaye et al., 2024]. Compared
with conventional four-wheeler Advanced Driver As-
sistance Systems (ADAS), ARAS operates under
more challenging conditions due to rider instabil-
ity, narrow vehicle geometry, irregular traffic be-
havior, and highly unstructured road environment
platforms [Naweed and Blackman, 2024]. Among
different ARAS functionalities, Forward Collision
Warning (FCW) accurately forecasting the trajecto-
ries of road users remains highly challenging, be-
cause of the inherent uncertainty in human behavior,
environmental variability, occlusions, and heterogeneous interactions among multiple dynamic agents, as ex-
plained in Fig 1. incorporating radar, LiDAR, stereo cameras, surround-view systems, and high-resolution
perception sensors [?]. Although these approaches achieve reliable performance, they significantly increase
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Figure 2: Proposed ARAS-FCWNet Framework.

hardware cost, computational complexity, memory consumption, and power requirements. Such solutions
are often unsuitable for low-cost ARAS deployment, particularly in emerging markets where affordable two-
wheeler safety systems are essential.

Recent advances in deep learning and computer vision have enabled the development of vision-based FCW
systems using object detection and scene understanding frameworks such as Faster R-CNN, SSD, YOLO, and
monocular 3D object detection approaches [Manakitsa et al., 2024], [Zhang et al., 2025]. Several lightweight
perception models including MobileNet [Howard et al., 2017], EfficientNet [Tan and Le, 2019], and Tiny-YOLO
[Redmon and Farhadi, 2018] have also been proposed for embedded deployment. However, most existing
methods are designed for structured road environments and depend heavily on lane markings, high-resolution
sensors, or powerful GPU-based [Mihalj et al., 2022]. Their performance often degrades in unstructured ARAS
scenarios involving mixed traffic, vulnerable road users, occlusions, poor illumination, adverse weather, and
irregular road boundaries.

Recent studies further explored graph-based and temporal motion-aware frameworks for intelligent trans-
portation systems, incorporating object tracking, trajectory estimation, and collision risk [Wu et al., 2023].
Nevertheless, many existing FCW approaches focus primarily on object detection while neglecting integrated
free-space segmentation, depth estimation, motion understanding, and risk-aware reasoning within a unified
lightweight architecture [Zhang et al., 2025]. In addition, deploying such systems on low-power embedded
hardware while maintaining real-time performance remains a significant challenge.

To address these limitations, this paper proposes ARAS-FCWNet, a low-cost, lightweight forward collision
warning framework designed specifically for unstructured ARAS environments (some scenarios are shown in
Fig. 3). As illustrated in Fig. 2, the proposed system utilizes a single 1.3 MP front-view RGB pinhole cam-
era integrated with IMU and vehicle odometry signals to perform efficient scene perception and collision risk
estimation. The framework adopts a lightweight multi-task deep learning architecture capable of jointly per-
forming object detection, free-space estimation, monocular depth prediction, motion estimation, and collision
risk assessment in real time.

Unlike conventional FCW systems that depend on expensive multi-sensor setups [Hassan et al., 2026],
ARAS-FCWNet operates entirely on monocular vision and low-cost embedded hardware while maintaining
efficient inference capability. The framework further integrates object tracking, lane assignment, object dy-
namicity estimation, critical object identification, and Time-To-Collision (TTC)-based risk calculation through
a lightweight post-processing pipeline. Experimental validation under diverse traffic and environmental condi-
tions demonstrates the effectiveness of the proposed approach for real-time ARAS deployment.
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Figure 3: ARAS Scenarios: (A) A stationary car pulls into the motorcycle’s path at a divided highway/stop sign
crossing. (B) A stationary car enters the motorcycle’s path while crossing a divided highway. (C) A parked car
suddenly moves into the motorcycle’s lane. (D) A following car changes lanes abruptly to avoid a suddenly
stopped vehicle, while the motorcycle never observes the stopped vehicle moving. (E) A motorcycle rounds a
curve as a car ahead slows to a stop in the same lane.

The primary contributions of this work are summarized as follows:

• A lightweight monocular FCW framework for unstructured ARAS environments using a single low-cost
RGB camera.

• A unified multi-task deep learning architecture integrating object detection, free-space segmentation,
depth estimation, and motion prediction.

• A computationally efficient embedded perception pipeline optimized for real-time ARAS deployment on
low-power hardware platforms.

• A robust collision risk estimation framework incorporating object tracking, TTC analysis, and rider-
centric warning generation.

2 Proposed Methodology

The proposed ARAS-FCWNet framework is designed as a lightweight monocular Forward Collision Warning
(FCW) system for unstructured Advanced Rider Assistance System (ARAS) environments. As illustrated in
Fig. 2, the framework utilizes a single low-cost 1.3 MP RGB front-view camera along with IMU and vehicle
odometry signals to perform efficient collision risk estimation in real time. The overall architecture consists
of five major stages: (i) image acquisition and preprocessing, (ii) lightweight multi-task perception, (iii) object
tracking and motion estimation, (iv) collision risk analysis, and (v) rider warning generation.

2.1 Input Acquisition and Preprocessing

Let the monocular RGB image captured at time instant t be represented as:

It ∈RH×W ×3 (1)

where H and W denote the image height and width, respectively. The captured frame is resized and nor-
malized before being forwarded to the proposed FCWNet backbone. Simultaneously, inertial and odometry
measurements are collected:

St = {vt , at ,ωt } (2)

where vt denotes vehicle velocity, at denotes acceleration, and ωt represents yaw rate obtained from IMU
sensors.
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2.2 Lightweight Multi-Task Perception Network

ARAS-FCWNet uses a lightweight MobileNetV3-Small backbone (2.5M parameters, 0.42 GFLOPs) operating
at a unified input resolution of 320×320 pixels. The shared backbone extracts hierarchical features feeding into
task-specific decoders for 2D bounding box detection, free-space segmentation, monocular depth prediction
(via pinhole camera projection constraints d = f ·Y /y), and temporal motion analysis. This unified multi-task
design achieves a memory footprint under 18 MB on embedded devices.

2.3 Distance Estimation and Dynamic Object Analysis

Object distance is estimated using monocular geometric constraints based on object scale variation in image
space. Relative velocity is computed from temporal distance changes between consecutive frames. Lightweight
temporal association is further employed for object tracking and motion-state estimation.

The object dynamicity score is defined as:

Γi =
√

(vx,i )2 + (vy,i )2 (3)

where vx,i and vy,i denote horizontal and vertical motion components, respectively.

2.4 Critical Object Selection and Collision Risk Estimation

Collision priority is determined using object distance, motion dynamicity, and detection confidence:

Ci =α
1

di
+βΓi +γci , (4)

where the weighting coefficients are empirically tuned as α= 0.5, β= 0.3, and γ= 0.2.
Collision risk is estimated using Time-To-Collision (TTC), and the final warning score is computed as:

Ri = exp(−λ ·T TCi ), (5)

where the sensitivity parameter is set to λ= 1.2.
An FCW alert is triggered whenever the estimated collision risk exceeds a predefined threshold.

2.5 Joint Optimization

The proposed framework is trained end-to-end using a unified multi-task objective that jointly optimizes detec-
tion, segmentation, depth estimation, and collision-risk prediction:

Ltot al =λ1Ldet +λ2Lseg +λ3Ldepth +λ4Lr i sk , (6)

where the loss weights are selected through validation tuning as λ1 = 1.0, λ2 = 0.5, λ3 = 0.5, and λ4 = 0.2.
The lightweight design enables efficient real-time deployment on resource-constrained ARAS hardware

while maintaining reliable collision warning performance in unstructured traffic environments.

3 Experimental Results

The proposed ARAS-FCWNet framework is implemented using PyTorch and evaluated on a workstation
equipped with a 13th Gen Intel Core i7-13850HX processor, 64 GB RAM, and a 4 GB GPU. The model is
trained using the Adam optimizer with an initial learning rate of 1×10−4 and a batch size of 64. All experi-
ments converge within approximately 45 epochs. To ensure suitability for embedded ARAS deployment, the
proposed network is optimized for low memory consumption and real-time inference.
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Figure 4: ARAS-FCWNet Multi-Task Perception Network: (i) Object Detection, (ii) Free-space Segmentation,
(iii) Monocular-Depth Estimation, and (iv) TTC-based Risk Estimation.

3.1 Dataset and Experimental Setup

ARAS-FCWNet is trained and tested across BDD100K [Yu et al., 2020] (10,000 frames), nuScenes [Caesar et al., 2020]
(5,000 keyframes), and a proprietary Valeo ARAS dataset (12,000 frames captured from rider-perspective 1.3
MP cameras across unstructured Indian traffic). Four-wheeler datasets (BDD100K/nuScenes) provide rich
front-view traffic dynamics, while the Valeo dataset supplies true two-wheeler lean dynamics and irregular
road layouts. Experiments are averaged across 5 independent runs (70:10:20 split).

3.2 Evaluation Metrics

The performance of ARAS-FCWNet is evaluated using standard FCW and perception metrics, including Preci-
sion, Recall, F1-score, Mean Average Precision (mAP), False Positive Rate (FPR), False Negative Rate (FNR),
and inference latency. In addition, Time-To-Collision (TTC) estimation accuracy and collision warning accu-
racy are also analyzed.

The Mean Average Precision (mAP) is used to evaluate object detection performance, while the Time-To-
Collision (TTC) ground truth is computed using:

T T Cg t =
dr el

vr el
, (7)

where dr el and vr el denote the relative distance and relative velocity between the ego vehicle and the target
object, respectively. The TTC ground truth was generated on the Valeo test split using calibrated 3D bounding
boxes obtained from reference LiDAR/radar annotations.

3.3 Quantitative Performance Comparison

For a fair comparison, all baseline models were retrained from scratch using the same unified dataset split and
identical training protocol, with an IoU threshold of 0.50 for object detection evaluation. The proposed ARAS-
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FCWNet is compared against lightweight real-time perception models, including Tiny-YOLO, MobileNet-
SSD, and YOLOv5-Nano. Table 1 reports the combined test performance across the BDD100K, KITTI, and
Valeo datasets, demonstrating the effectiveness of the proposed framework under diverse driving scenarios.

Table 1: Performance comparison of FCW models.

Method mAP↑ F1-score↑ FPR↓ FPS↑
Tiny-YOLO 71.2 74.5 12.6 42
MobileNet-SSD 75.8 78.4 10.2 38
YOLOv5-Nano 81.5 83.1 8.7 34
ARAS-FCWNet 85.7 87.4 6.1 48

The results demonstrate that the proposed ARAS-FCWNet achieves superior detection accuracy while
maintaining high real-time performance suitable for low-cost embedded ARAS deployment.

3.4 Collision Warning Performance

To evaluate collision warning capability, TTC-based warning accuracy is analyzed under different riding con-
ditions (debug screen status result of a sample scenario shown in Fig 5). Table 2 presents the TTC estimation
and FCW accuracy results.

Figure 5: ARAS-FCWNet Debug Screen Results of a Sample Input-Image using TTC Performance-based
Estimation of Collision Risk Status (stable in this Scenario)

Table 2: Collision warning evaluation results.

Method TTC Error↓ Warning Accuracy↑ Latency (ms)↓
Tiny-YOLO 1.42 78.5 41
MobileNet-SSD 1.18 81.2 39
YOLOv5-Nano 0.96 85.7 35
ARAS-FCWNet 0.71 91.3 28

The proposed framework achieves the lowest TTC estimation error and highest warning accuracy, indicating
reliable collision risk prediction in unstructured riding environments.

Fig. 4 illustrates qualitative FCW examples generated by ARAS-FCWNet under challenging traffic con-
ditions. The framework successfully detects vehicles, pedestrians, and vulnerable road users while accurately
identifying free-space regions and collision threats. The proposed lightweight architecture maintains stable
performance under illumination changes, partial occlusions, and dense traffic scenarios.
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3.5 Ablation Analysis

An ablation study is conducted to evaluate the contribution of individual modules within ARAS-FCWNet.
Table 3 summarizes the effect of removing specific components.

Table 3: Ablation study of ARAS-FCWNet components.

Configuration mAP↑ Warning Accuracy↑
Without Depth Estimation 80.6 84.5
Without Motion Estimation 81.2 85.1
Without Free-space Segmentation 79.8 83.7
Full ARAS-FCWNet 85.7 91.3

Figure 6: ARAS-FCWNet Debug Screen Status: Imminent Collision using TTC Performance

The results confirm that integrating monocular depth estimation, motion reasoning, and free-space segmen-
tation significantly improves the robustness of collision prediction and the reliability of FCW.

3.6 Discussion

To evaluate embedded viability, ARAS-FCWNet was deployed on an NVIDIA Jetson Orin Nano (8GB). Op-
erating under an 8W power budget, the TensorRT-optimized engine achieved 42 FPS with a latency of 23.8
ms, consuming 1.2 GB RAM. This confirms real-time embedded performance on low-cost ARM/GPU archi-
tectures. Unlike conventional FCW systems relying on expensive multi-sensor fusion, the proposed frame-
work achieves reliable collision warning performance using only a low-cost monocular RGB camera and a
lightweight deep learning architecture. The proposed system therefore provides a scalable and affordable solu-
tion for next-generation rider assistance systems operating in challenging unstructured traffic environments.

4 Conclusion and Future Scope

This paper presented ARAS-FCWNet, a lightweight multi-task perception framework for real-time Forward
Collision Warning (FCW) in unstructured ARAS environments. The proposed model integrates multi-task
perception with collision-risk assessment using single RGB camera input tightly coupled with vehicle IMU
and odometry telemetry. By replacing heavy multi-sensor stacks with fused monocular-inertial cues, ARAS-
FCWNet provides an affordable safety framework for two-wheelers in unstructured traffic.

Experiments on BDD100K, nuScenes, and in-house Valeo ARAS datasets demonstrate robust performance
across diverse traffic, illumination, and occlusion conditions, while maintaining real-time capability suitable
for resource-constrained platforms.
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Future work will focus on improving robustness under extreme conditions such as severe occlusions, night-
time, and adverse weather using transformer-based temporal modeling and uncertainty-aware risk estimation.
Extensions will also explore trajectory-aware prediction, rider intention modeling, and multi-sensor fusion with
radar/IMU for enhanced safety in dynamic traffic scenarios.
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Vision-Based Robotic Hot-Water Weeding for Precision Agriculture
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Abstract

Rising herbicide resistance, labour shortages, and sustainability concerns are driving interest in alterna-
tive weed control methods. This paper evaluates hot water as a robotic weed-control method and presents
a modular hot-water weeder prototype developed for future open-field trials. A FarmBot-based feasibility
study delivered water at 98◦C to common weed species using different volumes, nozzle heights, and appli-
cation frequencies. A single 150 ml treatment eliminated Brome (Bromus sterilis), Daisies (Bellis perennis),
Dandelions (Taraxacum officinale), and Docks (Rumex obtusifolius), while Chickweed (Stellaria media) was
eliminated after two treatments. Nettles (Urtica dioica) showed foliar injury but survived, and tillage radish
(Raphanus sativus) showed no visible response. These results informed a modular multi-nozzle hot-water
weeder using individually controlled nozzles, RGB vision, and YOLO-based weed detection to customise
treatment volume by weed type. A 1.5 m FarmBot-mounted 16-nozzle prototype validated the targeting ap-
proach, and a mobile robot-mounted prototype extended the system to a 2 m, 32-nozzle boom with onboard
water storage, heating, batteries, and ROS2 control. The vision system achieved 0.8736 precision, 0.742
recall, and 0.7611 mAP@0.5, while system testing achieved an 86.67% integrated detection-and-treatment
success rate with a 6.67% false-positive rate. The results demonstrate that hot water can be selectively ap-
plied using low-cost RGB vision and modular actuation as a maintainable non-chemical approach to robotic
precision weeding.

Keywords: Precision weeding, hot water weeding, agricultural robotics, machine vision, YOLO

1 Introduction

Figure 1: Hot water weeding evaluation.

Weeds are one of the largest yield constraints in crop
production and can act as vectors for disease and par-
asites. Reliance on herbicides is becoming unsus-
tainable due to increasing resistance and regulatory
constraints linked to ecological risk [Duke, 2017,
Bamal et al., 2024, Murdoch, 2018]. Manual weed-
ing is ecologically favourable but limited by labour
cost and availability [Win et al., 2025], while me-
chanical weeding can disturb soil, increase erosion
and greenhouse gas emissions, disrupt soil micro-
biota, and damage nearby crops. Precision weed-
ing addresses these limitations by using machine
vision and automation to target individual weeds,
reducing chemical use and crop or soil distur-
bance [Slaughter et al., 2008]. As herbicide develop-
ment becomes more expensive and robotic systems become more affordable, precision approaches are becom-
ing viable tools for sustainable crop production [Upadhyay et al., 2024, Xie et al., 2025].

Integrated Weed Management (IWM) combines prevention, cultural methods, limited targeted chemical
use, and robotic weeding. Preventing weed-seed dispersal through machinery hygiene, using rotation, cover
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crops and polyculture, and targeting individual weeds can reduce herbicide dependence and environmental
contamination [Murdoch, 2018, Duke, 2017]. Hot water is attractive within this framework because it requires
no external chemical agent, does not disturb the soil, has lower fire risk than flame weeding, and can also
be adapted for targeted irrigation or fertigation. The main contributions are: (i) hot-water treatment results
for common weed species; (ii) a YOLO-based vision-to-actuation pipeline for nozzle-level treatment; (iii) a
16-nozzle FarmBot validation prototype; and (iv) a 32-nozzle mobile robot-mounted prototype developed for
future open-field trials.

2 State of the Art

2.1 Alternative Sustainable Weeding Methods

Mechanical weeding is one of the oldest non-chemical approaches and remains common in organic cereal sys-
tems [Quan et al., 2022]. Spring tine harrows and rotary hoes are widely used [Lötjönen and Mikkola, 2000],
but they do not target weeds individually and may damage crop plants, particularly near stems or within
rows [Lötjönen and Mikkola, 2000]. Reviews of weeding strategies highlight the need for practical, main-
tainable technologies [Bloomer et al., 2024], and farmer surveys show a preference for modular tools that can
be repaired on farm with minimal external support [Hameed et al., 2025].

Other non-chemical treatments include vinegar, laser, and thermal weeding. Wood vinegar can inhibit
seed germination at low concentrations, but repeated application, variable species response, and uncertain
ecological effects remain limitations [Zhang et al., 2022]. Laser systems such as WeLASER provide precise
non-contact treatment but face barriers including high cost, energy demand, fire risk, and maintenance com-
plexity [Andreasen et al., 2024]. Thermal weeding damages plants through protein denaturation and membrane
rupture [Peerzada and Chauhan, 2018]. Hot water has shown particular promise because it avoids soil distur-
bance, reduces fire risk, and causes less surface wear than mechanical or flame-based methods [Hansson, 2002,
Sarıtaş and Gürbüz, 2024]. Astatkie and Havard [T. Astatkie, 2007] found hot water effective against young
weeds at low speeds and consistent across weather conditions without drift or run-off. Martelloni et al.
[Martelloni et al., 2021] showed that hot water reduced regrowth and biomass within 30 days, while noting
that hot foam can achieve similar effects with lower doses. However, hot water remains simpler to deploy,
requires no foaming agent, and is well suited to precision application.

2.2 Weed Detection and Targeting

Precision weeding requires reliable identification of individual weeds. 2D RGB vision systems are widely
used because they are low cost, accessible, and compatible with many detection models. They distinguish
weeds and crops using colour, size, morphology, and position [Guzel et al., 2024]. Traditional machine vision
works best when plants are visually separated [Slaughter et al., 2008], but 2D imaging can struggle under occlu-
sion [Xie et al., 2023]. Potena et al. [Potena et al., 2016] showed that infrared thermography can improve seg-
mentation under difficult lighting, but at increased sensing cost and complexity. Quan et al. [Quan et al., 2022]
demonstrated RGB-based crop–weed detection for intra-row maize weeding using a mechanically actuated
tool, illustrating both the potential of vision-guided weeding and the complexity of mechanical end effectors.

Vision-guided spraying offers a simpler actuation route. Terra et al. [Terra et al., 2021] linked real-time
weed detection to electronically controlled nozzles for site-specific application, while Wu et al. [Wu et al., 2019]
showed that multiple RGB cameras can broaden detection coverage. Similar vision-based selective spray-
ing systems have demonstrated the potential to reduce herbicide use by treating only detected weed loca-
tions [Raja et al., 2023]. Commercial systems such as Verdant Robotics’ SharpShooter [VerdantRobotics, 2025]
demonstrate the potential of targeted application and report large reductions in chemical and labour use, but
their sophistication may raise concerns around maintainability and durability. This motivates simpler modular
systems for field robotics.
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3 My Work

3.1 Validating Hot Water for Weeding

3.1.1 Experiment Setup

To validate boiling water as a cereal-crop weed control method, an experiment studied the effect of water heated
to 98◦C on common weeds while varying volume, application frequency, and nozzle height. Consultation with
local farmers identified Brome, Chickweed, Nettles, grass weeds, and tillage radish as common in European
temperate-zone cereal crops. A 3×2 m mown grass area, containing approximately 75% fescue and 25%
perennial rye, was also included to investigate Docks, Daisies, and Dandelions for grassland or golf-course-
style applications. Rows of oats were planted between weeds to observe crop effects.

The platform was a FarmBot Genesis XL installed on a raised greenhouse bed. It was modified with an
in-line water boiler, heat-resistant piping installed in parallel with the cold-water lines, and a solenoid valve
for hot-water release. Weeds were planted by the robot in a known coordinate system and received frequent
light watering. The FarmBot was controlled using an open-source ROS2 interface. In total, 26 plants of
each species were planted, allowing each treatment parameter to be applied to two plants. The same treat-
ment schedule was applied within each tested species group, as shown in Table 1. Some parameters fol-
lowed [Hansson and Mattsson, 2002]. Plants were imaged using a Luxonis OAK-D Lite before treatment and
seven days after treatment, providing both health records and a dataset for future weed-detection models.

Plant No. Frequency Nozzle Height Volume
P1 Control - -
P2 Every Three Weeks 18 cm 300 ml
P3 Every Three Weeks 18 cm 150 ml
P4 Every Three Weeks 9 cm 300 ml
P5 Every Three Weeks 9 cm 150 ml
P6 Every Two Weeks 18 cm 300 ml
P7 Every Two Weeks 18 cm 150 ml
P8 Every Two Weeks 9 cm 300 ml
P9 Every Two Weeks 9 cm 150 ml

P10 Every Week 18 cm 300 ml
P11 Every Week 18 cm 150 ml
P12 Every Week 9 cm 150 ml
P13 Every Week 9 cm 300 ml

Table 1: Spray treatment parameters applied to each plant within each tested species group.

3.1.2 Experiment Results & Discussion

The six-week experiment showed clear species-dependent responses. Brome was completely eradicated un-
der all treatment conditions. Chickweed required two applications and would likely benefit from a broader
spray pattern to improve full-plant coverage. Tillage radish (Raphanus sativus) showed no visible response,
indicating high tolerance. Nettles (Urtica dioica) sustained foliar injury but survived due to robust root sys-
tems, suggesting that earlier and higher-volume treatments may improve control. Dandelions, Daisies, and
Docks were effectively killed, including damage to large taproots, though higher water volumes caused col-
lateral grass damage. Neighbouring oat crops were unaffected and produced a strong yield. Overall, with the
exception of Nettles and tillage radish, the tested species were controlled using relatively low volumes and low
application frequency. Nozzle height had little effect on efficacy, and the results suggest that hot water is most
effective on younger weeds before extensive root systems develop.

3.2 Precision Weeder Design & Implementation

3.2.1 Computer Vision

The computer vision system was developed to detect weeds, classify them by species, and provide spatial
information for nozzle-level hot-water treatment. Unlike a standalone image-classification task, the output of
the vision model had to be suitable for robotic actuation. Each detection therefore needed to provide a weed
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class, confidence score, and image-space location that could be converted into a centroid and passed to the
control pipeline.

The dataset formed during the hot-water validation experiment was expanded using a third-party dataset
[AUENG Vision Group, 2025]. This increased variation in lighting conditions, soil types, plant growth stages,
and image backgrounds. Images collected during the FarmBot experiment were particularly useful because
they represented the same camera perspective, crop context, and treatment environment used during system
validation. The combined dataset was labelled using bounding boxes, as this format is directly compatible with
YOLO-based object detection and provides a simple method for extracting weed centroids for downstream
robotic control.

A YOLOv8n model was trained using mAP, precision, and recall as evaluation metrics. Image augmenta-
tions including Flip, Crop, Mosaic, and Shear were applied to improve robustness to variation in weed orien-
tation, scale, partial visibility, and field background. The best-performing model checkpoint was selected for
inference. The trained model achieved 0.8736 precision, 0.742 recall, and 0.7611 mAP@0.5. This performance
showed a useful balance between minimizing false positives, which could result in crop damage, and maintain-
ing sufficient true positive detections for practical weed treatment. Training curves showed steady reductions
in classification and bounding-box losses, while validation losses fluctuated slightly due to dataset variability
but remained stable overall.

Compared with existing RGB crop–weed detection work, the achieved YOLOv8n precision of 0.8736 and
mAP@0.5 of 0.7611 show that the detector provides a practical baseline for real-time robotic treatment. Direct
numerical comparison is limited because weed-detection results are strongly affected by species, crop type,
camera viewpoint, lighting conditions, dataset composition, and evaluation protocol. However, unlike mechan-
ically actuated intra-row systems [Quan et al., 2022], the proposed approach links RGB detections to selective
nozzle actuation, and unlike conventional site-specific spraying systems [Terra et al., 2021, Raja et al., 2023],
the treatment medium is hot water rather than herbicide.

Figure 2: Custom trained weed detection model vali-
dated on Chickweed and oat crop.

For robotic use, the detector output was converted
into a treatment decision rather than being used only
as an image-level result. Each bounding box was
converted to a centroid, associated with its predicted
weed class and confidence score, and passed to the
ROS2 control pipeline. The centroid position was
then related to the camera frame and used to estimate
whether the weed lay within the effective spray cor-
ridor. Detections outside the workable region were
ignored, while valid detections were tracked as the
robot moved forward. This allowed the system to
convert image-space detections into nozzle-specific
treatment commands.

The use of bounding-box detection was chosen as a practical compromise between localization accuracy
and computational efficiency. Pixel-level segmentation could improve localization where plants overlap, but it
would also increase annotation effort and processing requirements. For the current nozzle spacing and spray
pattern, bounding-box centroids provided sufficient spatial information for initial prototype validation. Future
work will expand dataset diversity across species, growth stages, lighting conditions, and outdoor field envi-
ronments. Segmentation may also be introduced later to improve targeting where weeds and crops overlap or
where the weed canopy extends beyond the bounding-box centre.

3.2.2 Robot Design

A 1.5 m FarmBot-mounted sprayer array was first developed to validate the vision-guided targeting method.
The array used 16 individually controlled spray nozzles mounted to an aluminium frame. Each nozzle was
regulated by a solenoid valve actuated through two 8-channel relay modules and a 16-channel PWM driver, in-
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(a) FarmBot Prototype. (b) FarmBot CAD.

(c) Mobile robot CAD. (d) Robot-mounted prototype.

Figure 3: Development from the FarmBot validation prototype to the robot-mounted prototype.

terfaced with a Raspberry Pi 4B through a custom daughterboard. Two Luxonis OAK-D Lite cameras provided
image input, while a networked computer ran the YOLOv8n model and returned detected weed centroids. The
validation assembly is shown in Fig. 3.

A mobile robot-mounted prototype was then implemented as a hot-water weeding tool. The boom was
scaled to 2 m to match the mobile robot’s track width and fitted with 32 nozzles, improving targeting resolution.
It was mounted to the three-point hitch using custom Category 1 steel mounts, with the lower arms carrying the
vertical load and the top link setting boom pitch.

The onboard prototype system included a 200 L water tank, two 24 V LiFePO4 batteries, a 2000 W inverter,
a 1500 W instant boiler, a 24 V diaphragm pump, an immersion heater, and high-temperature silicone tubing
feeding the 32-nozzle manifold. Water was drawn from the tank, preheated, passed through the boiler, and
delivered to the boom above 95◦C under typical operating flow. For the mobile robot-mounted prototype, an
OAK-D PoE camera and the robot’s onboard NVIDIA Orin replaced the external FarmBot computer, while
ROS2 nodes handled camera input, inference, weed tracking, odometry, and nozzle control.

3.2.3 Control Architecture

Figure 4: System architecture linking RGB weed detection to nozzle-level hot-water actuation.

The ROS2 control architecture, shown in Fig. 4, is modular and platform independent. Communication
with the main robot is limited to master deactivation, initialization configuration, and odometry. Each camera
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has its own ROS run node and processing node, with both processing nodes communicating independently with
the relay control node. The processing node contains image processing, model inference, and interpretation.
The odometry node provides distance travelled, allowing weed positions to be represented relative to the nozzle
array over time.

Due to camera perspective, some visible weeds are outside the sprayer trajectory shown in Fig. 5. These
are removed using trigonometric height-wise planar weed localization based on the camera frustum, enabling
real-time localization without repeated camera recalibration. The height-wise variable computation and nozzle
mapping are expressed as:

lp = 2h tan
FOVh

2
, Lp = 2

√
h2 + (h tan(FOVv ))2 tan

FOVh

2
, l ′ = l

L
Ycam (1)
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2
+ yi
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(
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2
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2
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∣∣∣∣xi −
Xcam

2
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2 , xi < Xcam
2

Xcam
2 + b

a+b
Xcam
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Here, h is camera height, FOVh and FOVv are camera fields of view, and Xcam and Ycam are image
dimensions. Pi (xi , yi ) is the detected weed centroid, Xr is the nozzle-mapping coordinate, lp , Lp , l ′, l , and L
are perspective-scaling terms, and a and b define the spray-trajectory acceptance region.

Figure 5: Camera ground footprint and corre-
sponding image frame. P3 is ignored as it lies out-
side of the nozzle trajectory

A weed prediction score was computed by combining
detection confidence with observation duration. As the
robot moved, weeds were tracked toward the nozzle ar-
ray using a sliding 2D grid with 8 columns per camera
and a variable number of perspective-scaled rows. When
a weed was detected, its score was assigned to the rele-
vant cell. As odometry advanced, lower rows were popped
and new upper rows added. If a detection exceeded a cali-
brated threshold, the nozzle corresponding to that row was
activated once popped. The score was further weighted
by weed species so valves could remain open for differ-
ent durations and deliver species-specific volumes aligned
with the hot-water experiment. Because no pressure con-
trol was present, simultaneous nozzle activation reduced
pressure per nozzle; this was considered during treatment
timing.

3.3 Precision Weeder Evaluation

Four experiments evaluated precision, accuracy, efficacy, and reliability. Targeting precision was calculated by
comparing the centre point of a weed with the centroid of the surrounding wet area produced by the weeder.
Measurements from Brome, Chickweed, and Nettle are shown in Table 2, where M1–M3 are repeated offset
measurements.

Weed M1 M2 M3 Mean Std. Dev.
Brome 27 35 8 23.3 11.2
Chickweed 15 50 25 30.0 15.9
Nettle 25 60 40 41.7 14.6

Table 2: Targeting offset measurements in mm.
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Across species, the mean offset was 31.7 mm with an average standard deviation of 13.9 mm. Compared
to the FarmBot nozzle spacing of 93.75 mm, these offsets show that the system targeted the correct region, but
also that a single nozzle may not cover all centroid positions. Finer nozzle resolution is therefore beneficial and
motivated the 32-nozzle robot-mounted boom.

In a controlled test, the system detected and treated 26 out of 30 weeds, giving an 86.67% integrated
detection-and-treatment success rate. This provides a system-level result, while the YOLOv8n precision value
of 0.8736 reports model-level detection performance. Reliability was also demonstrated, as only one of 15
crop plants, including tomato, oats, barley, and wheat, was mistakenly targeted, corresponding to 93.33%
crop protection success and a 6.67% false-positive rate. These results indicate strong baseline accuracy and
reliability, with potential improvement through expanded training data and inclusion of non-weed detections.

Dose delivery was tested by directing a nozzle into a measuring jug as the weeder advanced toward a weed.
The system was calibrated to deliver at least 150 ml to Brome and Chickweed and 300 ml to Nettle. The 150 ml
dose ranged from 130–190 ml with a standard deviation of 28.3 ml, while the 300 ml dose ranged from 250–390
ml with a standard deviation of 60.6 ml. Variation was mainly attributed to nozzle tolerances, adjustment, and
pressure reduction during simultaneous actuation. Overall, the robot-mounted prototype extends the FarmBot
validation system to a mobile platform with onboard water, heat, power, sensing, and ROS2 control.

4 Conclusion, Limitations and Future Work

This paper investigated hot water as a weed-control method for future open-field robotic application. A gantry-
based robot applied water at 98◦C to weeds common in temperate cereal farms and grassland environments.
Brome, Daisies, Dandelions, and Docks were controlled after one 150 ml treatment, Chickweed required two
treatments, Nettles survived due to robust root systems, and tillage radish showed no visible response. A 1.5 m
FarmBot-mounted precision weeding tool was then evaluated using 16 electronically controlled nozzles and a
vision system trained for Brome, Chickweed, and Nettle detection. The system achieved an 86.67% integrated
detection-and-treatment success rate, 93.33% crop protection success, and species-specific dose delivery. The
design was extended to a mobile robot-mounted prototype with a 2 m, 32-nozzle boom, onboard water storage,
heating, power, sensing, NVIDIA Orin inference, and ROS2 control.

The main limitations are targeting resolution, pressure variation during simultaneous nozzle activation,
operating speed, energy demand, and model robustness under diverse field conditions. Future work will include
open-field trials on the mobile robot, evaluation of the 32-nozzle system, improved heating and pressure control,
expanded training data, and workshops with farmers to assess adoption, maintainability, and usability.
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[Sarıtaş and Gürbüz, 2024] Sarıtaş, A. G. and Gürbüz, R. (2024). Effects of hot water obtained by solar energy on the
weeds Convolvulus arvensis l., Setaria viridis (l.) p. beauv. and Amaranthus retroflexus l. Yüzüncü Yıl University
Journal of Agricultural Sciences, 34(2):346–353.

[Slaughter et al., 2008] Slaughter, D. C., Giles, D. K., and Downey, D. (2008). Technology for automation of weed
control in specialty crops. Weed Technology, 22(3):364–370.

[T. Astatkie, 2007] T. Astatkie, P. Havard, J. A. (2007). Efficiency and performance of hot water, infrared, and flame
weeder thermal units to control weeds. Biological Agriculture & Horticulture, 25:275–289.

[Terra et al., 2021] Terra, F. P., do Nascimento, G. H., Duarte, G. A., and Jr, P. L. J. D. (2021). Autonomous agricultural
sprayer using machine vision and nozzle control. Journal of Intelligent & Robotic Systems, 102(38):1–13.

[Upadhyay et al., 2024] Upadhyay, A., Zhang, Y., Koparan, C., Rai, N., Howatt, K., Bajwa, S., and Sun, X. (2024).
Advances in ground robotic technologies for site-specific weed management in precision agriculture: A review. Com-
puters and Electronics in Agriculture, 225:109363.

[VerdantRobotics, 2025] VerdantRobotics (2025). Product - sharpshooter. https://www.verdantrobotics.
com/product. Accessed: 2025-09-04.

[Win et al., 2025] Win, M. T., Rutledge, Z., and Maredia, M. K. (2025). Labor shortages and farmer adaptation strategies.
Applied Economic Perspectives and Policy. Forthcoming.

[Wu et al., 2019] Wu, Q., Aravecchia, S., and Pradalier, C. (2019). Design and implementation of computer vision based
in-row weeding system. In 2019 International Conference on Robotics and Automation (ICRA), pages 9645–9651.
IEEE.

[Xie et al., 2025] Xie, S., Goldberg, K., and Song, D. (2025). Energy efficient planning for repetitive heterogeneous
tasks in precision agriculture. In 2025 IEEE International Conference on Robotics and Automation (ICRA), pages
7139–7145.

[Xie et al., 2023] Xie, S., Hu, C., Wang, D., Johnson, J., Bagavathiannan, M., and Song, D. (2023). Coupled active
perception and manipulation planning for a mobile manipulator in precision agriculture applications. arXiv preprint.

[Zhang et al., 2022] Zhang, Z., Yu, J., Chen, L., et al. (2022). Evaluating the herbicidal properties of wood vinegar
derived from pruned apple branches. Agronomy, 12(3120):1–13.

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 215 ISBN 978-1-9195641-0-4



Training-Free Geometric Stabilization for Monocular 3D Detection in
Advanced Rider-Assistance Systems

Lakshman Prabhu Balsubiramaniam∗, Satyajit Nayak, Cyril Poulet, and Ganesh Sistu

anSWer, Valeo, India

Abstract

Monocular 3D object detectors fail on dynamic platforms like motorcycles, where roll and pitch
variations violate the stable-camera assumption learned from automotive datasets. This geometric
domain shift, which 2D augmentations cannot model, causes catastrophic 3D localization errors. We
introduce Lean-Aware Geometric Stabilization (LGS), a training-free pre-processing module that
corrects this instability at inference time. LGS applies a physically-grounded inverse reprojection
to warp the input image to a canonical, stable orientation before it reaches a frozen, off-the-shelf
detector. On a challenging motorcycle dataset, LGS recovers BEV AP@0.2 from 0.06 to 0.20 under a
10° roll drift, nearly matching the original 0.22 performance on stable views. The module adds only
5-10 ms of CPU latency, offering a practical method to deploy existing 3D detectors on geometrically
unstable platforms without retraining.

Keywords: Monocular 3D Object Detection, Geometric Robustness, Viewpoint Augmentation,
Training-Free Adaptation, Advanced Rider-Assistance Systems (ARAS).

1 Introduction
Monocular 3D object detectors [Liu et al. (2020), Zhang et al. (2021), Ma et al. (2021)] learn strong
geometric priors from large-scale automotive datasets. This success is predicated on a stable camera
platform that maintains a fixed extrinsic pose and a level horizon.

Figure 1: Core Idea: (Top) A standard detector
fails on a geometrically drifted image. (Bottom)
Our training-free LGS module stabilizes the input,
enabling the same detector to succeed without re-
training.

This "automotive assumption" is fundamen-
tally violated on dynamic platforms like motor-
cycles, which exhibit continuous roll and pitch.
During dynamic maneuvering (e.g., leaning in
turns), vehicles exhibit continuous roll and pitch
variations—violating the level-horizon extrinsic
baseline. We term this Dynamic Extrinsic Drift
(DED), which induces geometric domain shift in
camera projection while visual appearances re-
main identical. Consequently, a detector trained
on stable data (e.g., KITTI [Geiger et al. (2012)])
fails catastrophically when its learned priors are
invalidated, as shown in Figure 1. Standard 2D
training augmentations (e.g., planar rotations)
fail because they treat pitch/roll as affine image
shifts, ignoring non-linear perspective distortions and violating depth projection physics. This work
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therefore addresses whether a lightweight, training-free geometric stabilization can counteract this
domain shift, enabling a pre-trained detector to generalize to dynamic motion without costly retraining.

We introduce Lean-Aware Geometric Stabilization (LGS), a model-agnostic pre-processing module
that corrects for extrinsic drift at inference time. Our contributions are:

1. We formalize DED, a physically-grounded viewpoint augmentation, to create a challenging
benchmark for evaluating geometric robustness.

2. We propose LGS, a model-agnostic, training-free pre-processing module that restores geometric
consistency to input images at inference time.

3. We demonstrate empirically that LGS enables a detector trained only on stable data to generalize
to out-of-distribution camera poses, substantially recovering 3D localization accuracy.

2 Prior Art Study
Our work is positioned at the intersection of geometric robustness, test-time adaptation, and perception
for dynamic platforms. Geometric Robustness. The fragility of monocular 3D detectors to
camera pose variations is well-documented [Moon et al. (2023)].A common defense is training-time
augmentation; for instance, GRAMO [Guan et al. (2024)] applies ground-plane constraint resampling
to synthesize geometrically consistent samples during training. Our DED simulation can serve this
purpose, but our primary contribution, LGS, is a complementary, inference-time stabilization technique
that robustifies existing detectors without retraining. This is distinct from work on camera intrinsic
robustness [Zhang et al. (2026)], as we focus on extrinsic drift. Test-Time Adaptation (TTA).
Another strategy is to adapt the model at test time. MonoTTA [Lin et al. (2024)] uses self-supervision
to adapt to domain shifts, while other methods rectify latent features using online pose estimates
[Zhou et al. (2021)]. These approaches often require access to model internals or add significant
overhead. In contrast, LGS is a model-agnostic pre-processing step. By correcting geometry in the
image space before the detector, it provides a simpler, modular, and training-free solution. It is a form
of test-time adaptation that operates on the input data, not the model, and is distinct from methods
correcting rolling shutter artifacts [Mo et al. (2022)], which address intra-frame distortions. Attitude
Estimation and Hardware Compensation. LGS assumes vehicle roll and pitch are available
from an IMU. The problem of estimating these angles [Ok et al. (2021)] is orthogonal to our work; we
focus on how to use this information for visual stabilization. Similarly, our approach is distinct from
hardware-level compensation like Optical Image Stabilization (OIS) [Liu et al. (2022)], which handles
high-frequency camera shake. LGS addresses a different problem: large-scale, low-frequency changes in
the vehicle’s extrinsic pose (e.g., a motorcycle lean), a challenge not addressed by OIS.

3 Methodology: Geometric Augmentation and Stabilization
Our framework is built on the principle of virtual camera reprojection. We first define the core geometric
transformation before detailing its dual use for simulating drift (DED) and correcting it (LGS).

3.1 Geometric Formulation
The core of our method is a physically-grounded warp that maps pixels from a source camera view to
a virtual, rotated one. Assuming two cameras share an optical center and intrinsic matrix K, but are
rotated by Rdrift relative to each other, we can find the location xsrc in the source image corresponding
to a pixel xdst in the destination (virtual) image via inverse reprojection:

xsrc ∼ KR−1
driftK

−1xdst (1)
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This equation traces a ray from the virtual camera’s image plane, rotates it into the source camera’s
frame, and re-projects it. The drift rotation Rdrift models the orientation change, which we parameterize
by roll (θr) and pitch (θp) angles. The rotation is constructed in the camera’s local coordinate system
(X-right, Y-down, Z-forward):

Rdrift = Rz(θr)Rx(θp) (2)

This formulation is powerful because it is agnostic to any global ‘world‘ coordinate system used for
3D annotations. It operates purely on camera geometry, making it adaptable to diverse dataset
conventions.

Figure 2: Geometric Principle of DED and LGS: Our framework is based on inverse reprojection.
(Left) To simulate drift (DED), we trace pixels from a virtual drifted camera back to the original
source image using the inverse drift rotation (R−1

drift). (Right) To correct drift (LGS), we trace pixels
from a virtual upright camera back to the drifted input image using the corrective rotation (Rcorr).
This visually explains the geometry-consistent warp defined in Eq. 1.

3.2 Dynamic Extrinsic Drift (DED) Simulation
To evaluate model robustness, we use Eq. 1 to simulate the effect of drift. This process, which we call
Dynamic Extrinsic Drift (DED), generates a new, geometrically consistent image from the perspective
of a virtual, drifted camera. The resulting map is used with bilinear interpolation to produce the
warped image. To remove boundary artifacts, the warped image is cropped to the largest axis-aligned
inner rectangle using corner ray-casting; while this slightly reduces peripheral FOV, key central drivable
regions remain preserved.

Crucially, DED is a full 3D augmentation that transforms 3D ground truth labels in addition
to the image, a key differentiator from 2D-only methods. The exact transformation depends on the
annotation coordinate system. For datasets with a stable world frame (e.g., our ARAS dataset), the
drift Rdrift updates the camera’s extrinsic rotation matrix. For datasets where annotations are in the
camera’s coordinate system (e.g., KITTI), the 3D ground truth points are simply rotated by Rdrift.
This rigorous label transformation (Figures 3, 4) is essential for correct model evaluation.
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Figure 3: DED on our ARAS Dataset. (Top) Original image and 3D box. (Middle) Warped
images for different drift parameters. (Bottom) Final cropped images. Our method applies the same
3D rotation to the ground truth, producing new, physically-correct labels for the augmented views.
Drifts (L-R): (R:+20°, P:+10°), (R:-20°, P:+5°), (R:-10°, P:-5°).

Figure 4: DED Generality on KITTI. We apply DED to KITTI to demonstrate the generality of
our augmentation. (Top) Original image. (Middle) Warped images showing perspective distortion.
(Bottom) Final cropped images with transformed ground truth. This creates a challenging benchmark
for geometric robustness on standard automotive data.

Figure 5: DED on nuScenes. To further prove generality, we apply DED to the nuScenes dataset
[Caesar et al. (2020)], which also uses a camera-centric coordinate system. This demonstrates DED’s
utility as a cross-dataset tool for robustness analysis. Drifts (L-R): (R:+15°, P:+8°), (R:0°, P:+8°),
(R:-15°, P:-8°).

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 219 ISBN 978-1-9195641-0-4



3.3 Lean-Aware Geometric Stabilization (LGS)
LGS is the corrective counterpart to DED, applied at inference time. Given a drifted input image and
an estimate of the drift angles (e.g., from an IMU), LGS computes a corrective rotation Rcorr = R−1

drift.
It then applies the same inverse reprojection warp from Eq. 1 to transform the image back to a stable,
upright orientation that matches the detector’s training distribution. This stabilized image is then
passed to the off-the-shelf detector, as shown in Figure 1. The entire process is a single, efficient
pre-processing step.

4 Experiments
Our experiments are designed to quantify the performance degradation caused by DED and measure
the recovery provided by LGS.

4.1 Setup
Datasets and Protocol. We use a challenging in-house ARAS dataset from a motorcycle and the
standard KITTI benchmark [Geiger et al. (2012)]. To mirror real-world lean dynamics captured in
dataset telemetry, we fine-tune a SMOKE detector [Liu et al. (2020)] on stable ARAS subsets (roll <
5°) and test on simulated DED sequences matching real-world lean trajectories. This specialist model
is then evaluated on its ability to generalize to images with significant, unseen drift (up to 25°), as
shown in Figure 6. We evaluate three scenarios: (1) Baseline (on original images), (2) Drifted (on
DED-warped images), and (3) Stabilized (Drifted images corrected by LGS). We report BEV AP@0.2
for 3D localization and Yaw Variance for orientation stability. For ablation, we compare against a naive
2D rotation correction. We also show DED’s generality on nuScenes [Caesar et al. (2020)] (Figs. 4, 5).

Figure 6: Geometric Domain Shift for Evaluation. The training set distributions for roll and
pitch (top row) contain only stable views near 0°. In contrast, our DED-augmented test set (bottom
row) covers a wide range of angles, creating a challenging OOD scenario to test generalization.

4.2 Results and Analysis
Quantitative Results. As shown in Table 1, the performance of the baseline model, trained on
upright images, degrades severely under unseen drift. At 10° roll, BEV AP@0.2 plummets from 0.224 to
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0.056, confirming the model’s failure to generalize geometrically. LGS provides a substantial recovery,
restoring performance to 0.199 (+0.143 AP), nearly reaching the original performance on stable views
and demonstrating its effectiveness at bridging the geometric domain gap.

Table 1: Performance of the baseline model, trained on stable images, degrades catastrophically under
roll-induced DED. LGS substantially recovers performance, enabling generalization to unseen drift
angles at inference time. Best results on drifted data are in bold.

Roll Drift Method BEV AP@0.2 ↑ Yaw Variance (rad2) ↓
0° Baseline 0.224 0.01

10° Drifted 0.056 0.35
LGS (Ours) 0.199 (∆+0.143) 0.04 (∆-0.31)

4.3 Ablation Study
To prove our 3D reprojection necessity, we compare LGS against naive 2D correction (Table 2), which
simply applies inverse 2D affine image rotation without accounting for intrinsic focal length K or 3D
perspective rays. The results are unequivocal: simple 2D rotation is geometrically insufficient and
degrades performance further, confirming that correctly modeling the 3D-to-2D projection is essential.

Table 2: Ablation study at 10° roll drift. The naive 2D correction is insufficient, proving the necessity
of our physically-grounded geometric reprojection.

Method (at 10° roll) BEV AP@0.2 ↑ Yaw Variance (rad2) ↓
Drifted (No Correction) 0.056 0.35
+ Naive 2D Un-rotation 0.040 0.75
+ LGS (Ours) 0.199 0.04

4.4 Qualitative Analysis
Figure 7 provides a visual comparison. On drifted images, the detector is confused by distorted
geometric cues, leading to catastrophic failures. After our LGS module stabilizes the input, the same
detector produces a precise 3D bounding box, directly illustrating how LGS bridges the geometric
domain gap.
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(a) R: +15°, P: 0°

(b) R: +5°, P: +10°

(c) R: +25°, P: +5°

Figure 7: Qualitative Analysis: Each row shows a test case with its drift angles (R: Roll, P: Pitch).
Left: Baseline prediction on original image. Middle: Catastrophic failure on DED-warped image.
Right: Recovered, accurate prediction after applying our LGS module. LGS enables robust detection
under significant, unseen drift.

4.5 Runtime Analysis
LGS is computationally efficient. Implemented in OpenCV on a CPU, the warp adds only 5-10 ms of
latency. With a detector inference time of 39.9 ms on a Tesla T4 GPU, the total pipeline latency is
45-50 ms per frame (>20 FPS). This minimal overhead makes LGS practical for real-time deployment.
Sensitivity tests show LGS maintains robust detection under typical IMU noise (±1◦ angle jitter) and
temporal lag (< 20 ms sensor delay).

5 Conclusion
We have demonstrated that dynamic camera extrinsics on platforms like motorcycles cause a critical
geometric domain shift that cripples standard monocular 3D detectors. To solve this, we introduced
Lean-Aware Geometric Stabilization (LGS), a lightweight, training-free pre-processing module that
restores geometric consistency at inference time. By applying a physically-grounded inverse reprojec-
tion, LGS enables a frozen, off-the-shelf detector to generalize to significant, unseen camera poses,
substantially recovering 3D localization performance. This work not only provides an immediate,
practical solution for deploying existing detectors on dynamic platforms but also opens future avenues.
These include using our DED simulation as a training-time augmentation to build inherent robustness
into models and extending LGS to handle extreme angles and sensor noise. Ultimately, our framework
underscores the primacy of geometric integrity and offers an efficient path toward robust 3D perception
in challenging, real-world environments.
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Diffusion-Based Saliency Map Generation from RGB Images
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Abstract

We propose SalFusion, a diffusion-based model for generating dense visual saliency maps from RGB
images. The model combines a U-Net backbone with spatial self-attention and cross-attention, trained with a
denoising diffusion objective and auxiliary reconstruction losses (L1, MSE, SSIM). Classifier-free guidance
enables a controllable sharpness–structure trade-off during sampling, and a faster deterministic sampler is
also supported. On SALICON, our results are competitive on standard saliency metrics, with particularly
strong gains in AUC-Judd and NSS, while the lower CC highlights a trade-off between localization accuracy
and global density matching.

Keywords: Visual saliency, diffusion models, DDPM, DDIM, classifier-free guidance

1 Introduction

Visual saliency prediction aims to estimate where humans are likely to fixate when viewing a scene. Early
models relied on hand-crafted centre–surround features [1], while modern approaches use deep neural net-
works to learn hierarchical representations directly from fixation data, significantly improving performance on
benchmark datasets. Diffusion models, particularly Denoising Diffusion Probabilistic Models (DDPMs) [2],
have recently emerged as stable and expressive generative models. Trained via a simple noise-prediction objec-
tive rather than adversarial learning, diffusion models iteratively refine noisy samples into structured outputs,
making them well-suited for dense prediction tasks that require both global coherence and local detail. Their
success in other structured vision problems motivates their use for saliency estimation.

In this work, we formulate visual saliency prediction as a conditional diffusion process that generates a
normalized single-channel saliency map from an RGB image. Our model learns the reverse denoising process
of a DDPM conditioned on image features through both early fusion and cross-attention mechanisms. This
iterative generative formulation enables the model to capture global scene context and produce structurally
coherent saliency maps. We evaluate the approach on the SALICON and MIT1003 datasets and analyze the
impact of attention mechanisms, classifier-free guidance, and sampling strategies on saliency quality.

1.1 Main Contributions

Our contributions are threefold. First, we introduce a conditional denoising diffusion framework for visual
saliency estimation, modelling saliency maps as samples from a learned generative process rather than deter-
ministic regression outputs. Second, we design a U-Net–based DDPM augmented with spatial self-attention
and cross-attention, and apply classifier-free guidance during inference to produce sharper and more localized
saliency predictions. Third, we benchmark the proposed model on SALICON and MIT1003 using standard
saliency metrics, and we conduct ablation studies on attention modules, guidance, and sampling strategies to
highlight the main performance trade-offs.

Diffusion models offer an iterative denoising formulation that aggregates multi-scale context while preserv-
ing fine detail. When conditioned on image features and combined with classifier-free guidance, they provide
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an explicit mechanism to trade off sharpness and structural fidelity, which is particularly useful for saliency
where precise localization of fixation peaks matters. This is a practical advantage over purely feed-forward
predictors, because the sampler can be tuned to favor either sharper localization or smoother density structure.
This iterative, generative viewpoint also enables sampling-based uncertainty estimates and multiple plausible
saliency predictions for ambiguous scenes.

2 Related Work

2.1 CNN-Based Saliency Prediction

Early deep learning approaches to visual saliency were dominated by convolutional neural networks (CNNs).
These models used hierarchical feature representation to approximate human fixation. Classical architectures
such as MLNet and SalNet proved that CNN-based saliency prediction was viable. Later models improved upon
these results by introducing multi-scale feature aggregation and improving spatial reasoning. Models such as
SimpleNet [3], MDNSal [3], and MSI-Net [4] made further improvements using dilated convolutions, multi-
branch encoders, and probabilistic modeling. Despite strong performance, CNN-based models are limited by
their inherently local receptive fields, restricting their ability to model long-range dependencies.

2.2 GAN-Based Models

Following the success of generative adversarial networks (GANs) [5] in learning data distributions through
adversarial training, saliency prediction has also benefited from applying this technique to saliency map predic-
tion. SalGAN [6] uses this framework where a generator produces saliency given an image and a discriminator
distinguishes generated vs GT saliency maps. The architecture consists of a VGG-16-based encoder–decoder
generator paired with a discriminator trained to distinguish ground-truth saliency maps from predicted ones.
The generator is optimized with a combination of a binary cross-entropy (BCE) content loss and an adversarial
loss imposed by the discriminator. SalGAN was evaluated with saliency-specific metrics (CC, NSS, AUC-Judd)
on SALICON and MIT benchmarks. SalGAN achieved competitive scores compared to state-of-the-art CNN-
based saliency models at the time, outperforming traditional regression networks trained solely with pixel-wise
losses.

2.3 Recent Work

While CNN and GAN-based approaches generate saliency maps in a single forward pass, the use of attention
mechanisms enables other models to iteratively refine saliency maps over multiple timesteps. This allows the
model to accumulate spatial context, correct earlier predictions and gradually refine their focus to the most
important parts of the image. The Saliency Attentive Model (SAM) [7] is a family of models that adopted
this technique. There are two variations of this model, SAM-VGG and SAM-ResNet, which use VGG-16 and
ResNet-50 backbones respectively. SAM starts with a learned understanding of where humans usually look in
images, and then uses an attention-based recurrent module to repeatedly focus on important regions, refining the
saliency map step by step., leading to substantial gains over earlier CNN and GAN-based approaches. On the
SALICON validation set, SAM achieves strong performance, with SAM-ResNet in particular delivering high
NSS and CC scores due to its deeper feature representation and recurrent refinement process. Vision-language
based approaches to saliency prediction have gained popularity, leveraging recent advances in integrating large
language and vision models. Recent multimodal and transformer-based methods such as ALBEF [8], BLIP [9],
ImageBind [10], and VLSal [11] show that semantic and cross-modal representations can improve saliency
prediction, especially for complex real-world scenes. Our work is complementary to this line of research: we
study whether an iterative generative formulation can provide competitive localization performance without
relying on large pretrained multimodal backbones.
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3 Method

3.1 Diffusion Models

DDPMs [2] learn to reverse a forward Gaussian noising process via noise prediction. DDIM [12] enables
deterministic or fast sampling, while classifier-free guidance [13] improves conditional fidelity. Diffusion has
shown strong performance in dense prediction tasks such as segmentation and depth estimation.

3.2 Saliency Prediction

Earlier saliency modelling methods relied on handcrafted features [1]. With deep learning, CNN-based regres-
sors dominated until adversarial methods such as SalGAN [6] introduced GAN losses to encourage realistic
saliency distributions.

3.3 U-Net Architectures

U-Net [14] architectures remain foundational for dense prediction. Residual connections [15], GroupNorm [16],
and spatial attention modules further enhance representational power. We employ a U-Net with cross-attention
to integrate image context.

3.4 Model Architecture

We adopt a conditional U-Net backbone tailored for diffusion-based dense prediction. The network takes
as input a 4-channel tensor formed by concatenating the RGB image with the noisy saliency map at diffu-
sion timestep t. A sinusoidal timestep embedding is computed and projected through a two-layer MLP to
a 128-dimensional vector, which is injected into every residual block via additive conditioning. This allows
the network to adapt its denoising behaviour across timesteps rather than learning a single, timestep-agnostic
mapping.

The U-Net follows a symmetric encoder–decoder structure with three downsampling stages and corre-
sponding upsampling stages. The encoder progressively increases channel capacity from 64 to 128 and 256
channels using residual blocks, followed by a bottleneck operating at 512 channels. Each stage consists of a
residual convolutional block with Group Normalization and SiLU activation, followed by spatial downsam-
pling. The decoder mirrors this structure using transposed convolutions and skip connections to fuse encoder
features, enabling recovery of fine spatial detail while preserving high-level semantics. The full backbone
contains approximately 11.8M trainable parameters.

To enhance global reasoning, we incorporate spatial self-attention at the bottleneck, where the feature maps
have the lowest spatial resolution and highest semantic abstraction. This module uses multi-head attention to
model long-range dependencies between distant regions, which is important for saliency prediction in cluttered
scenes with multiple competing objects. In parallel, a lightweight RGB context encoder processes the clean
image through three convolutional layers (128, 256, and 512 channels) to produce features aligned with the
bottleneck resolution. These features are injected via cross-attention, enabling the denoising pathway to align
saliency generation with high-level semantic cues rather than relying solely on early-layer concatenation.

The decoder fuses the attention-enhanced bottleneck representation with encoder skip features to recon-
struct a full-resolution output. A final 1 × 1 convolution projects the last 64-channel feature map to a single
channel corresponding to the predicted noise component. This prediction is used by the diffusion sampler
to iteratively recover the clean saliency map. Overall, the architecture combines multi-scale feature fusion,
timestep-aware conditioning, and attention-based image guidance to balance spatial precision with global con-
textual understanding during the reverse diffusion process. A structured summary of the network configuration
is provided in Table 1.
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Table 1: Summary of the conditional U-Net architecture used in the diffusion model. Resolutions are given for
input size 256× 192.

Stage Resolution Channels Block Type

Input 256× 192 4 Residual Block
Encoder 1 128× 96 64 Residual Block + MaxPool
Encoder 2 64× 48 128 Residual Block + MaxPool
Encoder 3 32× 24 256 Residual Block + MaxPool
Bottleneck 16× 12 512 Residual Block + Self-Attn + Cross-Attn
Decoder 3 32× 24 256 Transposed Conv + Residual Block (skip)
Decoder 2 64× 48 128 Transposed Conv + Residual Block (skip)
Decoder 1 128× 96 64 Transposed Conv + Residual Block (skip)
Output Head 256× 192 1 1× 1 Conv (Noise Prediction)

3.5 Loss Function

Training uses a multi-component objective that combines the standard DDPM noise-prediction loss with auxil-
iary reconstruction and perceptual structure terms. The auxiliary terms provide a more direct supervised signal
on the predicted clean saliency map and help reduce over-smoothing, which can otherwise blur fixation peaks.
For clarity, all losses are computed on saliency maps normalized to [0, 1] and weighted to operate on comparable
scales. The overall objective is:

Ltotal = λεLε + λ1L1 + λ2L2 + λsLSSIM, (1)

where we set λε = 1.0, λ1 = 0.5, λ2 = 0.5, and λs = 0.5.
The noise-prediction term follows the DDPM objective. We sample a timestep t ∼ U{1, . . . , T} and

construct a noisy target saliency map xt =
√
ᾱtx0 +

√
1− ᾱtε, where ε ∼ N (0, I) and ᾱt is the cumulative

product of the noise schedule. The model predicts the injected noise conditioned on the RGB input c, and we
minimize:

Lε = Ex0,t,ε ∥ε− εθ(xt, t, c)∥22 . (2)

This term is the core objective enabling accurate reverse diffusion.
To encourage spatial fidelity and well-calibrated intensities, we additionally supervise the estimated clean

saliency map x̂0 with pixel-wise losses:

L1 = ∥x̂0 − x0∥1 , L2 = ∥x̂0 − x0∥22 . (3)

The L1 term promotes sharper peaks and reduces blur, while the L2 term provides smooth gradients and stabi-
lizes optimization by penalizing large deviations more strongly.

Because saliency maps are smooth density fields where perceptual structure matters, we also incorporate a
lightweight SSIM-based loss:

LSSIM = 1− SSIM(x̂0,x0), (4)

which encourages agreement in local luminance, contrast, and spatial structure beyond pixel-wise matching.
In combination, these terms balance accurate denoising with structural fidelity, improving both localization of
fixation peaks and global map coherence.

3.6 Training and Inference

Training uses AdamW optimizer with learning rate 1e−4, batch size 8, timesteps 500, and cosine annealing
noise scheduling over 60 epochs. Training took ∼ 3 hours on a NVIDIA RTX A4500 GPU. Mixed precision
(AMP) accelerates training.

Compute: Training on SALICON with batch size 8 required approximately 3 hours on a single NVIDIA
RTX A4500. For inference we report timings for both full DDPM sampling and a faster DDIM sampler (50
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steps) as a practical trade-off: DDIM reduces sampling cost substantially while retaining most accuracy. Prac-
tical deployment options to reduce cost include timestep reduction, denoising distillation, or a lightweight
deterministic refinement head.

At inference, we use DDPM sampling for best quality, as the full stochastic reverse process better matches
the training objective and yields more refined spatial structure. We optionally employ DDIM for ∼ 10× faster
sampling due to the reduced number of denoising steps, at the cost of some loss in fine detail and localization ac-
curacy. Classifier-free guidance with scale s = 1.5 is applied to strengthen conditioning on the RGB image. By
amplifying the difference between conditional and unconditional predictions, guidance encourages sharper ac-
tivations around likely fixation regions and improves fixation localization, though overly large guidance scales
were observed to produce overconfident or overly peaked saliency maps.

4 Results

4.1 Dataset and Preprocessing

We train on the SALICON dataset [17], which provides MS-COCO images with mouse-tracking fixation data.
The dataset contains 10k training images, 5k validation images, and 5k test images, with no fixation annotations
available for the test split.

Evaluation protocol: our outputs are resized to 256× 192 and we apply Gaussian smoothing (σ = 8) prior
to metric computation. For the comparison table, prior-method values are reported from their published results,
while SalFusion entries are our own results computed using this evaluation protocol. We report single-run
results in this submission, so no confidence intervals are included.

Fixation JSONs are converted into continuous saliency maps using Gaussian smoothing (σ = 8), normal-
ized into [0, 1], and resized to 256× 192.

4.2 Evaluation Metrics

We evaluate model performance using three standard saliency prediction metrics computed on the validation set.
CC measures the linear correlation between the predicted saliency map and the ground-truth human saliency
map, NSS evaluates the average normalized saliency value at fixation points, and AUC-Judd measures how
well the model ranks human fixations above non-fixated pixels across the image.

4.3 Quantitative Results

Table 2 presents the quantitative comparison between our model, SalFusion, and other models on the SALICON
(validation) and MIT1003 datasets. The values for prior methods are reported in [11], while the SalFusion
entries are our own results under the evaluation protocol described above.

Based on these results, our diffusion model is stronger on the AUC and NSS metrics, but weaker on CC.
This reflects a trade-off between discriminative ranking performance and pixelwise structural fidelity. The
large gains in AUC-Judd and NSS indicate that the model is more effective at ranking salient versus non-salient
regions and at placing high values near fixation locations, while the lower CC suggests that the predicted maps
are less linearly aligned with the full smoothed density structure of the ground truth. Overall, our diffusion
approach produces saliency maps that are more effective for localization and detection-style evaluation but less
accurate in reproducing the full spatial density structure captured by CC.

Limitations and calibration: The lower CC scores reflect reduced per-pixel linear agreement with smoothed
ground-truth densities, caused by the model’s tendency to produce sharper, peakier maps. This is a practical
limitation of the current formulation, particularly for applications that require faithful global density matching
rather than strong fixation localization. We find that light post-hoc Gaussian smoothing or a small learned
intensity-calibration stage can substantially increase CC with only minor reductions in NSS/AUC. Diffusion
models are also more computationally expensive at inference than single-pass feed-forward baselines, so the
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Table 2: Quantitative comparison of models trained on SALICON train and evaluated on SALICON validation
and MIT1003. Prior-method values are reported in [11]; SalFusion entries are our own results.

SALICON (Validation)

Model NSS↑ CC↑ AUC-J↑
SALICON 1.5003 0.7486 0.8304
MLNet 1.5021 0.6746 0.8094
SalGAN 1.7989 0.8601 0.8601
SAM-VGG 1.7637 0.8247 0.8524
SAM-ResNet 1.8121 0.8398 0.8543
TranSalNet 1.7996 0.8325 0.8496
TempSAL 1.7656 0.8245 0.8395
GSGNet 1.8339 0.8466 0.8548
TGSal 1.8606 0.8816 0.8658
ALBEF 1.7368 0.8469 0.8564
BLIP 1.8070 0.8649 0.8603
ImageBind 1.7248 0.8423 0.8558
VLSal 1.9492 0.9085 0.8718
SalFusion 2.6650 0.7245 0.9291

MIT1003

Model NSS↑ CC↑ AUC-J↑
SALICON 1.6648 0.5012 0.8380
MLNet 1.7424 0.4836 0.8241
SalGAN 2.1328 0.6245 0.8779
SAM-VGG 2.0078 0.5788 0.8539
SAM-ResNet 2.1320 0.6153 0.8694
TranSalNet 1.7829 0.5520 0.8693
TempSAL 1.7650 0.5203 0.8497
GSGNet 1.9846 0.5795 0.8656
TGSal 2.2856 0.6632 0.8873
ALBEF 1.9971 0.5958 0.8743
BLIP 2.0964 0.6172 0.8768
ImageBind 1.9851 0.5925 0.8728
VLSal 2.4658 0.7088 0.8986
SalFusion 2.5327 0.4855 0.8925

current work prioritizes quality and controllability over sampling efficiency. We report these trade-offs explic-
itly and discuss them further in the supplementary material.

4.4 Qualitative Results

Fig. 1 shows that model captures main fixation regions, but predicts sharper peaks and occasionally misses small
secondary regions. It appears that our model favours more confident predictions over matching the per-pixel
intensity of the ground-truth saliency maps.

Figure 1: Representative qualitative examples. Each row shows an RGB image, the ground-truth saliency map,
and the predicted saliency map from our model.

4.5 Ablation Study

We conduct an ablation study to assess the impact of toggling features on / off on model performance. The
results of our study captured in Table 3 suggest that guidance is the most influential factor, while DDIM harms
accuracy in our setup.
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Table 3: Ablation Results (CFG = classifier-free guidance).
CFG DDIM SA CA AUC-J NSS CC

1.5 Off T T 0.93 2.62 0.7185
0.0 Off T T 0.91 2.257 0.5895
1.5 On T T 0.86 1.58 0.42
1.5 Off F F 0.89 2.42 0.639

5 Conclusion

Our research and experiments show that diffusion models show competitive performance relative to GANs
for saliency prediction. Despite a slight underperformance in CC, our diffusion model outperformed other
models in other key areas. The stronger CC score of GAN-based approaches is due to its adversarial training,
which encourages generators to match the global distribution of saliency maps. Diffusion models prioritise
producing high-confidence predictions at likely fixation points, which boosts metrics such as AUC and NSS.
This behaviour is consistent with our qualitative analysis, where saliency concentrated sharply around high-
confidence regions.

Beyond GANs, our results also demonstrate that diffusion models compare favourably to traditional CNN-
based saliency networks such as SimpleNet and MDNSal, achieving higher AUC and NSS while offering more
stable training and better spatial coherence. Compared to recurrent attention models like SAM-VGG and SAM-
ResNet, diffusion models avoid the complexity and computational overhead of multi-step refinement while
still delivering competitive localisation accuracy. SAM achieves strong NSS through iterative ConvLSTM
refinement, but diffusion models provide a simpler, more general framework that excels at precise fixation
localisation.

Overall, whether a diffusion model or a GAN is more suitable depends on the application. Diffusion models
may be more reliable in scenarios where accurate, sharply localised fixation prediction is essential, whereas
GAN-based approaches may be preferable when matching global saliency statistics is the primary objective.
For saliency prediction, the main advantage of diffusion is the ability to model structured spatial outputs while
providing an explicit control over sharpness and structural fidelity through guidance.
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Abstract

Whole-slide images (WSI’s) of histopathology slides are difficult to store and transmit because scans
routinely occupy multiple gigabytes before compression. While some details of the image must never be
lost due to their clinical significance, there are frequently background details that are less relevant. This pa-
per proposes Thumbnail-Guided Tissue Compaction (TGTC) that detects tissue on a low-resolution thumb-
nail of the sample before a crop-and-rotate calculation is applied. This acts as a preprocessing stage to
existing image compression algorithms aiming to optimally position the sample to minimise background
information. TGTC isolates and extracts the important tissue details and reduces the amount of redundant
background information being stored in the compressed file. This study considers 12 WSI’s captured from
a diverse range of pathologies. On average, TGTC reduces the storage constraints by 21.35% and up to
69.91% in some cases. A thumbnail-level retention audit evaluated the efficacy of identifying tissue with
such a low-resolution image and found a mean retained tissue fraction 99.94%. Across 48 paired slide-
method comparisons, TGTC reduces final compressed size in 40/48 cases, with mean improvement 10.39%
and mean codec-ratio delta of 0.71. These results support TGTC as a practical WSI preprocessing stage
when the goal is reduced final storage with an explicit tissue-preservation audit trail.

Keywords: whole-slide imaging, lossless compression, digital pathology, preprocessing, tissue detection.

1 Introduction

Whole-slide imaging is central to digital pathology, but its storage demands remain a practical barrier for
archival use, dataset sharing, and large-scale computational pathology studies. Studies found that the average
storage cost for digital pathology labs across seven sites in the European Union is C155,000 per site annually
[1]. A level-0 RGB representation of a single slide can occupy several gigabytes before compression, and
benchmarking many such slides across multiple codecs quickly becomes expensive in both runtime and disk
use. This work studies a simple idea: rather than compressing the full slide canvas, first identify the tissue
footprint from a thumbnail, estimate a tight rotated bounding region, and then compress only the resulting
tissue-focused crop. The proposed Thumbnail-Guided Tissue Compaction (TGTC) pipeline is designed to
answer two questions at once. First, does TGTC reduce the number of bytes that must ultimately be stored?
Second, can that reduction be defended as effectively lossless with respect to tissue retention?

The answer is not obvious. A smaller image does not automatically imply a better codec ratio (or compres-
sion ratio) because the transformed image may be less compressible per byte and the distinction between these
two goals is important. The downstream codec stage can be tested for strict bitwise losslessness tile by tile.
The TGTC preprocessing stage cannot make the same claim in original slide coordinates because it changes
orientation and canvas extent. Instead, it should be assessed through an explicit tissue-retention audit. This pa-
per therefore separates raw size reduction, codec ratio, final compressed size, timing cost, and tissue-retention
evidence rather than treating compression ratio alone as the sole objective.

The main contributions of the study are:
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1. A novel pre-processing stage to extend existing lossless compression methods that reduces redundant
high-fidelity compression seen in existing methods.

2. A reviewer-facing definition of tissue-preservation based on retention-audit evidence rather than pixel-
wise preservation after crop-and-rotate preprocessing, as rotation inherently changes pixel coordinates.

3. A storage-centric analysis showing that TGTC often reduces final compressed size even if the trans-
formed image exhibits a lower codec ratio than the baseline canvas.

2 Literature Review

WSI’s can reach gigapixel scales meaning efficient compression is hugely important for the practical utilisation
of these data. The literature shows a clear progression from general-purpose algorithms to specialised, high-
performance tools for WSI compression. Welch [2] detailed the LZW (Lempel-Ziv-Welch) algorithm that
became a standard for lossless data compression (notably in GIF and TIFF formats). While reliable, LZW
often struggles with the high-entropy demands of modern high-resolution imaging. Collet and Kucherawy [3]
standardised the Zstandard (Zstd) algorithm in 2021. Zstd offers a balanced performance profile, delivering
compression ratios comparable to traditional dictionary-based methods like DEFLATE and zlib, alongside
significantly higher decompression speeds suitable for real-time data streaming in digital systems. Alakuijala
et al. [4] introduced JPEG-XL, designed specifically for the requirements of high-fidelity images. It offers
superior compression efficiency and features - such as lossless transcoding of legacy JPEGs and responsive
web delivery - that are particularly relevant for the long-term storage and remote viewing of medical slides.

Mao et al. [5] introduced the WISE framework, a classical, non-learned approach to lossless compression of
gigapixel whole-slide images. WISE combines hierarchical predictive transforms, bitplane decomposition, and
dictionary-based entropy coding, motivated by the observation that histopathology slides exhibit significant
spatial redundancy and background sparsity. Operating on tiled representations, the framework is designed
to scale to gigapixel data without requiring full-resolution processing. More broadly, WISE highlights the
importance of content-aware redundancy in gigapixel imagery, motivating the exploration of adaptive, learned
compression approaches considered in this study.

While conceptually grounded in established lossless compression techniques, WISE is presented at a high
level and does not specify several implementation-critical details, such as residual representation, bitplane
encoding, and entropy coding constraints. In the absence of an official reference implementation, exact re-
producibility is therefore not guaranteed. In this study, a faithful implementation approximation of WISE is
included based on the available description and its use as one of several comparative baselines. Nevertheless,
the framework provides a useful reference point for assessing redundancy reduction strategies in WSI’s.

3 Experimentation

3.1 Data

A selection of 12 whole slide images were extracted from The Cancer Genome Atlas (TCGA) [6] in their orig-
inal .svs proprietary file format to represent 12 different potential cancerous sites of the human body; specif-
ically adrenal gland, bladder, brain, breast, cervix, colon, heart, kidney, lung, ovary, pancreas, and skin. These
sites were chosen to exemplify the wide variability of background content found in different histopathologies.

3.2 Thumbnail-Guided Tissue Compaction (TGTC)

The proposed pre-processing block, TGTC, comprises of 3 core steps:

1. foreground/background separation with Otsu Thresholding [7],

2. the isolation of biological tissue within the image, and
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3. rotation & cropping to produce a minimal tissue region along the angle of inclination, where the images
sides run along the x- and y-axis.

Each source WSI .svs file is opened with OpenSlide and read at level 0. The baseline export streams RGB tiles
into memory-mapped raw unsigned 8-bit integers (uint8). The resulting rectangle is mapped back into full-
resolution coordinates. A perspective transform is then used to stream the rotated crop, tile by tile, into a new
.dat file where it is then saved. Each slide has a baseline memory-mapped RGB .dat representation stored
in uint8 and a TGTC-transformed memory-mapped RGB .dat representation created from the original
.svs file. This tiled extraction avoids creating a massive intermediate rotated image in memory and makes the
method feasible on large WSI canvases.

3.3 Compression Methods

Four lossless compression methods are benchmarked based on the review of the existing literature, namely:

1. LZW: dictionary-based lossless compression in the spirit of the classic LZW formulation [2].

2. Zstandard: byte-oriented entropy coding using Zstandard at compression level 3, the default setting [3].

3. JPEG-XL (lossless): lossless still-image compression via JPEG-XL [4].

4. WISE (Custom): a custom three-stage pipeline consisting of horizontal differencing, bit-plane reorder-
ing, and a final Zstandard compression stage, based off a framework from Mao et al. [5].

Due to the sheer size of the WSI cached for compression and the strain it will put on resources, the whole
file is instead tiled into smaller images of size 1024 × 1024. Each tile is compressed, decompressed, and then
compared with the original tile by exact array equality before the result is accepted.

3.4 Metrics

To evaluate the performance of the algorithms (with and without TGTC), a range of metrics are considered to
assess absolute size reduction, relative compression rate, and whether the method is lossless for tissue informa-
tion. This study uses five metric families:

1. Raw TGTC size reduction
Rraw =

(
1− STGTC

S

)
×100 (1)

where S is the uncompressed .dat size and STGTC is the file size after TGTC pre-processing is applied
to the corresponding baseline algorithm.

2. Codec ratio on a given representation

ρc (X ) = X

Cc (X )
(2)

where Cc (X ) is the compressed size produced by codec c on data representation X of a given image.

3. Final compressed-size reduction for a matched pair

Rfinal,c =
(
1− Cc (XTGTC )

Cc (X )

)
×100 (3)

where XT GTC is the data representation of the pre-processed image with TGTC. This is the most impor-
tant storage-facing metric because it directly compares the bytes that would be stored after compression.
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4. Tissue-retention metrics: The fractions of retained tissue, discarded tissue, and removed background
are captured to assess how much redundancy is in the image and how lossless the resultant compression
actually is.

5. Runtime metrics: The time taken to compress, decompress, and the throughput (MB/s) are evaluated to
help appreciate the impacts on real-world usage of any technique.

It is important to note the distinction between ρc (X ) and Rfinal,c is central to interpreting the results. A
transformed image can be less compressible per byte than the original canvas while still yielding fewer final
bytes overall because TGTC has already removed a substantial fraction of the canvas.

3.5 Tissue Retention Audit

In the absence of available pathologist-annotated ground truth masks for the slides used in this experiment,
it was decided to utilise a classical thresholding method in the pipeline and audit it with a newer state of the
art (SOTA) method. Ceachi et al (2025) introduced Double-Pass, an innovative unsupervised and annotation-
free hybrid method for tissue detection for WSI’s [8]. This approach fuses two complementary strategies:
FilterGrays, which utilises sharpening and colour-based artifact rejection, and DownKMeans, which performs
clustering on downsampled RGB thumbnails to maximise speed. Double Pass will be used to detect tissue loss
across all slides in the cohort to ensure robustness.

The audit file uses the same parameters as the authors original paper [8], while the threshold assigned to
determine a PASS in the audit is set at 0.5% for the fraction of discarded tissue over all tissue on the whole
slide outside of the crop footprint, the largest component fraction, or the largest discarded tissue fragment.

The full benchmark was executed on Kelvin2 (NI-HPC), using an NVidia A100 GPU. The benchmarking used
compared all algorithms (with and without TGTC) against the four compression codecs and the tiled lossless
verification path.

4 Results

4.1 TGTC Reduces Raw WSI Bytes Across the Full 12-Slide Cohort

Table 1 provides an overview of the size of the files before (baselines) and after the TGTC pre-processing of the
image. In particular, the % reduction provides an overview of the amount of redundant background information
that can be discarded through tissue identification, cropping, and rotation. Across the 12 paired slides, TGTC
reduces aggregate raw storage from 145.40 GB to 114.36 GB, corresponding to an overall reduction of 21.35%.
On a per-slide basis, the mean raw reduction is 29.81% and the median is 27.33%. The largest reduction is
observed for brain (69.91%), while ovary shows the smallest but still positive raw reduction (6.48%). This
means TGTC reduces raw storage burden on every slide in the current cohort before any codec is applied.
Figure 1 illustrates each stage of the TGTC process including the final rotation, shown at Fig. 1(d), to orientate
the image before saving in full resolution.

Figure 1: Representative TGTC process overlay for the lung slide. (a) The crop footprint is overlaid on the thumbnail and (b) tissue
mask, (c) scaled to full resolution with discarded background shown in grey, and (d) the saved tissue is reserved after rotation.
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Table 1: Paired baseline and TGTC .dat size and Raw Size Reduction (1) for the 12-slide HPC cohort.

Slide Baseline (GB) TGTC (GB) Baseline Size After TGTC Size Reduction (%) (↑)
Adrenal Gland 20.04 18.09 79,679 x 83,835 74,859 x 80,563 9.72
Bladder 21.00 15.39 10,1591 x 68,905 90,349 x 56,763 26.74
Brain 1.02 0.31 12,000 x 28,417 4,340 x 23,643 69.91
Breast 29.46 24.67 124,712 x 78,731 115,881 x 70,968 16.24
Cervix 2.34 1.92 24,940 x 31,295 20,877 x 30,717 17.84
Colon 10.61 6.04 55,040 x 64,256 43,432 x 46,372 43.05
Heart 4.61 3.08 32,671 x 47,076 21,036 x 48,856 33.18
Kidney 7.93 6.88 48,921 x 54,063 34,689 x 66,154 13.23
Lung 10.68 4.98 84,413 x 42,180 89,776 x 18,499 53.36
Ovary 28.79 26.93 109,559 x 87,606 107,792 x 83,270 6.48
Pancreas 5.97 4.30 49,880 x 39,867 33,348 x 42,986 27.91
Skin 2.94 1.76 27,888 x 35,169 21,925 x 26,790 40.11

4.2 Double-Pass Retention Audit find 99.94% Tissue-Preservation

While the double-pass retention audit shows there is some loss within the TGTC method, Table 2 shows all
12 audited slides PASS the audit and are safely inside the thresholds set, with mean retained tissue fraction
99.94%. The mean thumbnail-level removed area is 34.51% and the median is 35.31%, with only a very small
fraction of this classified as discarded tissue and the vast majority being discarded background (See Figure
2). Despite positive results, the current audit cannot support a tissue-preserving losslessness claim for TGTC,
however, it does provides strong evidence that TGTC achieves substantial data reduction while maintaining
exceptionally high tissue retention, supporting its suitability for practical digital pathology workflows. Note:
the ‘Area Removed (%)’ column from Table 2 and the ‘Size Reduction (%)’ column from Table 1 differ be-
cause while the former counts only discarded background pixels, excluding those pixels within the minimum
bounding rectangle that lie outside of the original image, the latter measures the total pixel difference between
the original and resized images.

Table 2: TGTC tissue-retention audit summary for the 12-slide HPC cohort.

Slide Area Removed (%) Retained Tissue (%) Status
Adrenal Gland 10.83 99.62 PASS
Bladder 26.67 100.00 PASS
Brain 69.92 100.00 PASS
Breast 15.81 99.91 PASS
Cervix 26.62 100.00 PASS
Colon 46.69 100.00 PASS
Heart 38.19 100.00 PASS
Kidney 35.24 100.00 PASS
Lung 54.93 99.93 PASS
Ovary 11.19 100.00 PASS
Pancreas 35.37 99.81 PASS
Skin 42.61 100.00 PASS

4.3 Final Compressed Size Usually Improves Even With Less Redundant Data to Compress

When considering each compression method in combination and without the TGTC preprocessing block, we
find that for each method, TGTC reduces the final compressed size in 40/48 cases (seen in Table 3), with
mean improvement 10.39% and median improvement 6.55%. This is also strengthened with a small upward
trend observed in the compression ratios, shown in Figure 3. Much of that work is to do with the removal of
redundant background data during the preprocessing stage, as we often know that a transformed image contains
fewer total bytes, but its remaining pixels are tissue-dense and therefore often less redundant than a large tissue-
plus-background canvas for compression. Despite this, 40/48 files showed a positive improvement when TGTC
is applied before compression. From a storage perspective, the final compressed size of a cohort matters more
than individual slide representation where very small increases in size are negligible over full datasets. This is
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Figure 2: Double-Pass Audit for the Adrenal Gland slide - shows (a) original thumbnail, (b) Otsu’s tissue detection (in blue) with
additional tissue detected by Double-Pass shown in gold and (c) tissue that was erroneously cropped by TGTC shown in red.

Table 3: Method-level summary over the 12-slide paired benchmark. Mean final reduction (%) is the average
of the final compressed-size reduction for a matched pair (Rfinal,c ) for the same slide and codec. (3)

Method Wins
Baseline

Median Ratio (↑)
TGTC

Median Ratio (↑)
Mean Final

Reduction (%) (↑)
Baseline Median
Comp. Time (s ↓)

TGTC Median
Comp. Time (s ↓)

JPEG-XL (tiled) 12/12 4.65 4.96 10.65 1629.41 1339.83
LZW (tiled) 12/12 1.79 1.90 11.39 82.35 53.51
WISE (Custom) (tiled) 10/12 3.16 3.31 10.82 63.33 40.55
ZStandard (tiled) 6/12 2.41 2.50 8.70 24.70 15.30

in addition to the storage savings already achieved on file size when preprocessing is applied. The results show
that this storage-centric view is the right one for TGTC.

Method-level behaviour is also informative. LZW and JPEG-XL improve final compressed size on all 12
slides. WISE improves on 10 of 12 slides, and Zstandard improves on 6 of 12 slides. Zstandard nonetheless
remains the fastest codec family in terms of compression throughput, illustrating a clear compression-ratio-
versus-runtime trade-off.

4.4 Lost Tissue Data are Small and Localised

Table 4: Cases where TGTC increased final compressed size slightly.

Slide Method Final Reduction (%)
Ovary ZStandard (tiled) -2.78
Skin ZStandard (tiled) -2.05
Adrenal Gland ZStandard (tiled) -0.87
Ovary WISE (Custom) (tiled) -0.79
Colon ZStandard (tiled) -0.58
Skin WISE (Custom) (tiled) -0.45
Bladder ZStandard (tiled) -0.44
Breast ZStandard (tiled) -0.17

There are eight negative paired comparisons in the full benchmark (Table 4), all relatively small in magni-
tude. Six occur with Zstandard and two with WISE. The nature of the Zstandard and WISE algorithms may
mean that there is an optimal orientation of the image to best utilise the style of compression which does not
necessarily mean reducing the volume of information to be compressed. The worst compression is seen in
the ovary sample using Zstandard where final compressed size increases by 2.78%. These negative results are
important to highlight as they show that TGTC is not uniformly beneficial for every slide-codec combination.
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Figure 3: Box-and-whisker comparison of codec ratios for baseline and TGTC-transformed inputs across the 12-slide cohort in tiled
format. TGTC generally shifts ratio trend upwards to improve final compressed size overall, with marginal increases in the median
ratio shown in every compression method and similar patterns within the interquartile range with slight upward trends.

At the same time, the overall pattern remains favourable: all raw pairs shrink, all slides pass the retention audit,
and most final compressed results improve.

4.5 Runtime Explains the Practical Limit on Dataset Size

The HPC benchmark clarifies why WSI compression studies are costly to scale. Median baseline compression
times are 24.7s for Zstandard, 82.4s for LZW, 63.3s for WISE, and 1629.4s for JPEG-XL. On TGTC inputs, the
corresponding medians fall respectively to 15.3s, 53.5s, 40.6s, and 1339.8s for each of the compression meth-
ods. Median baseline compression throughput is 464.5MB/s for Zstandard, 143.3MB/s for WISE, 108.4MB/s
for LZW, and 4.3MB/s for JPEG-XL.

These numbers make the practical trade-off visible. JPEG-XL gives the highest compression ratios, but it
is far slower than the other methods. Zstandard is consistently the fastest, but its storage benefit after TGTC is
less reliable than LZW or JPEG-XL. WISE occupies a middle region: it is much faster than JPEG-XL while
typically retaining a larger storage gain than Zstandard.

5 Discussion

This study provides encouraging evidence that TGTC can reduce whole-slide image storage requirements while
maintaining a high level of tissue preservation. Four key findings emerge from the evaluation. First, TGTC
consistently reduced raw background burden across the dataset, with every slide demonstrating a positive
reduction in uncropped file size and an overall storage reduction of 21.35%. Second, tissue-retention anal-
ysis showed a high degree of preservation, with all 12 slides passing the SOTA Double-Pass tissue audit
and achieving a mean retained tissue fraction of 99.94%. Third, the effectiveness of TGTC is influenced by
the choice of compression codec. Storage improvements were observed in 40/48 paired comparisons across
four codecs, with LZW and JPEG-XL producing file-size reductions for every slide in the cohort, although the
magnitude of benefit remained codec dependent. Finally, computational cost remains a practical considera-
tion. Even with serial HPC execution, benchmarking a 12-slide cohort across four codecs required substantial
compute resources, particularly for JPEG-XL, which may limit larger-scale evaluations.
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Despite these promising findings, several limitations should be acknowledged. Tissue-preservation was
assessed using thumbnail-level audit masks rather than full-resolution pathological review, and future stud-
ies should incorporate pathologist validation to establish clinical relevance. While TGTC generally improved
storage efficiency, results remain dependent on codec selection, compression settings, and tile configuration.
The Double-Pass Tissue Audit also revealed minor loss of faint tissue structures along some tissue boundaries
following cropping and rotation. Although retention remained well within acceptable thresholds, clinical sig-
nificance of these losses are unknown and warrants further investigation. Refinement of the Otsu thresholding
stage may help improve tissue identification and reduce the risk of inadvertent tissue exclusion. Finally, con-
clusions are based on a relatively small cohort of 12 WSI’s. Future work should evaluate TGTC on larger, more
diverse datasets to assess the generalisability of observed storage and tissue-retention performance.

6 Conclusion

This study demonstrates that Thumbnail-Guided Tissue Compaction (TGTC) is a practical preprocessing stage
for WSI storage pipelines. As shown in Section 4.1, TGTC reduced aggregate raw storage requirements from
145.40GB to 114.36GB across the 12-slide cohort. In digital pathology environments, such reductions could
lower storage costs, reduce transmission burdens, and improve the scalability of growing slide archives.

The compression benchmarking results in Section 4.3 show that TGTC improved the final compressed file
size in 40 of 48 paired slide-codec comparisons, indicating that TGTC can complement existing compression
approaches without requiring changes to downstream workflows. Tissue-retention analysis (Section 4.2) further
showed that all audited slides passed the Double-Pass Tissue Audit, with a mean retained tissue fraction of
99.94%, suggesting that meaningful storage savings can be achieved while preserving tissue content under the
current audit methodology. Among the evaluated codecs, LZW and JPEG-XL produced the most consistent
benefits when combined with TGTC. JPEG-XL achieved the strongest compression performance, making it
attractive for archival storage, while LZW offered a more favourable balance between storage reduction and
processing time for active use.

Overall, the results suggest that TGTC offers a promising route towards reducing the growing storage
burden of digital pathology while maintaining high levels of tissue retention. Future work should validate
tissue preservation using higher-resolution and task-based assessments and evaluate performance across larger
and more diverse datasets.
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Abstract

Body Mass Index (BMI) is an attribute that can be used for a number of applications ranging from
surveillance, identification, image retrieval systems and healthcare, amongst others. Healthcare applications
of BMI have gained special importance for detecting people at high risk of suffering malnutrition, obesity,
diabetes or cardiovascular problems. This work presents a Bayesian-ViT architecture to estimate BMI from
a single face image. The model was trained using a benchmark dataset from literature (VisualBMI) and
compared with state of the art algorithms. Results show that the proposed method is comparable to reported
methods achieving an overall MAE of 4.434. The Bayesian fashion of the model allows uncertainty to be
accounted for. Therefore, results can be selected according to the predicted variance. Using uncertainty,
the model achieve MAE values between 2.560 and 3.668 when selecting the best 10% and 75% of the data
respectively.

Keywords: Bayesian-ViT, Body Mass Index (BMI), Uncertainty estimation

1 Introduction

Body Mass Index (BMI) is a metric that uses a person’s height and weight to estimate their body fat. It is
calculated as weight in kilograms divided by the square of height in meters (kg ÷m2). The resulting value is
usually classified in several categories from underweight to obese. The world health organization proposes the
following classes: Normal weight (BMI ≤ 25), Overweight (25 < BMI ≤ 30) and Obese I ( 30 < BMI ≤ 35) and
Obese II ( BMI > 35). This is a basic indicator that is broadly used to categorize people’s health. It is specially
useful to detect potential health risks related to weight such as malnutrition, obesity, cardio-vascular diseases
or diabetes.

The fast development of computer vision techniques and deep learning in recent years have allowed the
use of single face images to estimate BMI. This is mainly due to the correlation between facial geometry and
Body Mass. Such techniques provide automatic and non-invasive tools that become very useful for detecting
people at high risk of health disorders due to weight such as malnutrition or obesity. Obesity, in particular,
has tripled worldwide since 1975, with 13% of adults currently obese and 39% overweight globally. This is
directly linked to serious conditions including type 2 diabetes, cardiovascular disease, several cancers, sleep
apnea, osteoarthritis, depression and mental health disorders amongst others.

This work, combines state of the art Vision Transformer architecture with Bayesian inference, to estimate
BMI from single face images. It includes uncertainty measurements to analyse the results of the Bayesian
framework and to improve estimation results. The remaining of the paper is organised as follows: Section 2
presents the most relevant methods for estimating BMI from images and the benchmark dataset used the most
in the literature. Section 3 describe the Bayesian ViT architecture implemented while Section 4 reports the
results obtained and compares them with the state of the art. Finally, Section 5, reports the conclusion and
future work.
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2 State of the Art

Computer vision techniques, such as Deep learning, have allowed BMI to be estimated directly from images
promoting non invasive systems than can be used remotely. Several methods have been reported, mainly differ-
ing on the input data, the architecture and the dataset used. The most commonly used input data are 2D and 3D
full-body images [Manichand et al., 2025, Pentakota et al., 2024], multi-view images/videos [Kim et al., 2023,
Xiang et al., 2025] and single frontal facial image. The latter being the focus of this paper.

Facial images have been studied in the literature as a key source of information including age, gender,
ethnicity, identity, blood pressure, stress level, alcohol consumption, genetic conditions, and weight amongst
others [Agbo-Ajala and Viriri, 2021, Dantcheva et al., 2018, Pal et al., 2025]. Therefore, it is not surprising
that BMI can also be estimated from face images since it has demonstrated a correlation with facial geometry.
Kocabet et al. [Kocabey et al., 2017] were some of the first to introduce BMI estimation from a single face
image. They proposed a regression method based on the 50-layers ResNet-architecture and suggested that
facial images contain discriminatory information pertaining to height, weight and BMI, comparable to that of
full-body images and videos.

Since then, several works have been reported in this field (See Table 1). The most well known bench-
mark datasets in the area are MORPH-II [Ricanek and Tesafaye, 2006], VisualBMI [Kocabey et al., 2017],
VIP-Attribute and FIW-BMI [Jiang et al., 2019] and Illinois DOC dataset [Fisher, 2019]. Table 1 shows the
best results obtained from each data set. The differences of MAE between datasets are mainly due to bias in
race, gender or data imbalance. Siddiqui et al.[Siddiqui et al., 2022] have shown that black males obtained the
lowest MAE across different CNN-based architectures. This results shown in table Table 1 where the database
with the best MAE results is Morph-II which corresponds to images from the African-American community
(with a majority of male subjects). The same study has shown that white females, on the other hand, obtained
the worst MAE amongst all the gender-race groups .

Paper MAE Dataset
[Kocabey et al., 2017] 5.16
[Haritosh et al., 2019] 3.80
[Yousaf et al., 2021] 4.99 VisualBMI

[Siddiqui et al., 2022] 5.02
[Aarotale et al., 2023] 5.13

[Jiang et al., 2020] 2.61 Morph-II
[Yousaf et al., 2021] 1.72 VIP attributes
[Jiang et al., 2019] 3.70 FIW-BMI

[Sidhpura et al., 2022] 3.22 Illinois DOC

Table 1: Summary of the state of the art techniques for
BMI estimation from single face image

Another factor that influence the global BMI es-
timation results reported in the literature is the im-
balance of data regardless of the BMI category (Un-
derweight, Normal, overweight and obese). Most
databases do not include the Underweight category
and datasets like VIP-attributes tends to over repre-
sent only a certain type of population. Since such
databases were created from celebrity images which
in general tend to have lower BMI than the general
population.

In this work, a Bayesian architecture based on
Transformer models is proposed for the estimation of
BMI from single facial images. The Transformer ar-
chitecture was first introduced by Dosovitskiy et al.
[Dosovitskiy et al., 2020] and since then, it has been
applied to a wide range of problems in computer vision.

Bayesian Neural Networks [Abdar et al., 2021], on the other hand, is a popular approach to model un-
certainty. Given a set of inputs {x1, x2, x3, ...xn} with their outputs {y1, y2, y3, ....yn} it is possible to model a
function f such that y = f (x). A prior distribution over the space of functions p( f ) can be used as prior belief.
The likelihood can then be defined as p(y | f ,x) and using the Bayes rule, the posterior found p( f |x, y) given the
input dataset {x, y}. The output is then predicted for a new input x∗ by integrating over all possible functions
f . Since the posterior is, in general, intractable, variational inference is used to approximate it with a tractable
distribution q(w) by minimizing the Kullback-Leibler (KL) divergence. Bayesian modelling has proven to be
an useful tool for estimating uncertainty in a wide range of fields ranging from medicine [Ngartera et al., 2024]
to agronomy [Arellano et al., 2025]
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(a) Dataset Histogram (b) Samples per classes

Figure 1: Distribution of the data sets used. In (a) the histogram of the BMI is reported while in (b) The images
for each class according to the World Health Organization (WHO) and displayed by gender.

(a) BMI in Train Dataset (b) BMI in Validation Dataset (c) BMI in Test Dataset
Figure 2: BMI Distribution of the datasets used for training (a), validation (b) and testing (c) . The number of
images, the mean and the standard deviation of the BMI distribution is displayed in each figure.

3 Proposed Method

This paper proposes a Bayesian-ViT architecture to estimate BMI from single frontal images. The model
has been trained and tested using the benchmark VisualBMI dataset [Jiang et al., 2019]. The dataset and the
implementation details of the model are described as follows.

3.1 Dataset

The original VisualBMI data set was collected from the Reddit social media platform. Users reported images
before and after weight changes along with their height and weight both before and after. The BMI was then
computed for each subject from the reported height and weight values. This data set was originally composed
of full body images. For this reason, a Multi-task Cascaded Convolutional Network (MTCNN) was used to
detect and crop-out faces.

A total of 5,897 annotated images were available in the public Kaggle release of VisualBMI. After cropping
faces and eliminating duplicates, only 5,642 images were considered. Figure 1(a) shows the BMI distribution
of the dataset while Figure 1(b) shows the BMI distribution per class and gender. Where the classes are defined
according to the World Health organization as: Normal, Overweight, Obesity I and Obesity II+.

The dataset was split in three sets of images: training (4,045), validation (453) and test (1,144). Two
considerations were taken into account when splitting the dataset: (1) To preserve the BMI distribution along
datasets and (2) to ensure that the datasets are person-level disjoint. Figure 2 shows the distribution of the
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Method Normal Overweight Obesity I Obesity II Male Female Overall
ViT 3.592 2.516 3.275 7.818 4.037 5.098 4.375

Bayesian-ViT 3.361 2.497 3.400 8.196 4.073 5.209 4.434

Table 2: MAE value obtained for each method (ViT and Bayesian-ViT) computed by class (Normal, Over-
weight, Obesity I and Obesity II) and gender (Male and Female). The final column corresponds to the MAE
values computed over all images in the testing dataset for each method.

resulting datasets while Figure 3 shows an example of images taken from the dataset.

3.2 Bayesian-ViT Model

Figure 3: Random samples of facial images from the
VisualBMI dataset.

The proposed Bayesian-ViT Model was built us-
ing a ViT-B/16 Vision Transformer as backbone
[Dosovitskiy et al., 2020]. This model uses a 16×16
patch size and it was first pre-trained using the
ImageNet-21k dataset ( 14M images, 21,000
classes). An additional fine-tuning process with the
ImageNet-1k dataset (1.28M images, 1,000 classes)
was also performed using the method described by
[Steiner et al., 2021]. Two variational layers were
added (at the top) to make the regression model
Bayesian. These two layers had a double number
of parameters with respect to a non variational layer
since the parameters to be estimated were distribu-
tions. Therefore, each parameters was defined by its
mean and standard deviation. The estimation out-
put also became a predictive distribution p

(
ŷ | x

) =
N

(
µ∗, σ2∗)

of the BMI with mean µ∗ and standard deviation σ∗. The variance (σ2∗), therefore, acted as a
metric of uncertainty, where small variance will indicate a more trusted result. In addition to the variance, the
entropy was computed as follows:

σ2∗ = 1

T

T∑
t=1

(
ŷ (t ) −µ∗)2

; H
[

p(ŷ | x)
]= 1

2
ln

(
2πe σ2∗)

(1)

Where T corresponded to the number of stochastic forward passes performed in the model (set to 30 in all
the experiments). Lower entropy indicated more confident predictions. Those metrics were used to analyse
the uncertainty of the predictions. The following section (Section 4) presents the experiments performed and
the analysis of the performance of the model where the uncertainty was used to select the best BMI estimation
results.

4 Experiments and Results

Experiments performed and the results of BMI estimation using ViT architecture with and without the Bayesian
components are presented in section 4.1. Section 4.2, on the other hand, reports the performance of the model
when uncertainty is used to select the best results. A comparison of the results with state of the art techniques
is reported in Section 4.3.
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BMIR : 23.7; BMIE : 23.7 BMIR : 24.8; BMIE : 24.4 BMIR : 21.8; BMIE : 23.3 BMIR : 23.4; BMIE : 28.7 BMIR : 56.6; BMIE : 34.7 BMIR : 80.0; BMIE : 41.9

BMIR : 25.9; BMIE : 25.9 BMIR : 25.8; BMIE : 25.9 BMIR : 21.8; BMIE : 23.3 BMIR : 32.3; BMIE : 28.6 BMIR : 56.4; BMIE : 32.8 BMIR : 87.7; BMIE : 49.9

(a) (b) (c) (d) (e) (f)

Figure 4: Samples of facial images from the VisualBMI dataset with both their ground truth (BMIR ) and
estimated BMI value (BMIE ) respectively. Column (a) shows examples where BMI was perfectly estimated
while the last column (g) shows examples with high error between the real and estimated BMI values.

4.1 Bayesian vs Non Bayesian ViT

Both ViT architectures (with and without Bayesian components) were trained using the same hyper-parameters
which including batch size equals to 8, AdamW optimizer, WeightedRandomSampler functions to balance data
according to gender and image resolution set to 224× 224 pixels. An ensemble of 4 identical models were
considered in each case (trained using different seeds).

Table 2 shows the BMI values estimated for each model and classified according to BMI categories (Nor-
mal, overweight, Obesity I and Obesity II) and Gender (Male and female). Results show that deterministic
ViT outperforms the Bayesian variant slightly with MAE values of 4.375 and 4.434 for ViT and Bayesian-
ViT respectively (only +0.0595 kg/m² of difference). The main contribution of the Bayesian approach is the
uncertainty-based selective prediction.

In both cases BMI estimates for female subjects had worse performance than BMI for males. Such results
are not surprising since the database had more male subjects than female. The test dataset in particular, contains
68% male and only 32% female subjects. Figure 4 shows several examples of facial images form VisualBMI
dataset with their respective BMI ground truth value (BMIR ) and the estimated value (BMIR ) by the proposed
Bayesian ViT architecture.

4.2 Uncertainty analysis

Results in Table 2 have shown that adding a Bayesian top to the ViT backbone does not improve the results of
the deterministic ViT Model. However, the advantage of using the Bayesian model relies on the possibility of
predicting estimate uncertainty. Therefore, the results can be classified according to how certain the model is
of the BMI prediction. Two metrics were evaluated to measure uncertainty: variance and entropy (Equation 1).

Table 3 shows the MAE obtained when selecting BMI results according to variance. Predictions with lower
variance have less uncertainty and are, therefore, more trustworthy. The test data were classified in percentiles
(10,25,50,75 and 100) according to its predicted variance and computed MAE. The results show smaller MAE
for the classes Normal and Overweight while Obese I and II present higher MAE values. This result confirms
that these two classes are more difficult to predict since their distribution is not uniform. Therefore, the average
error in these classes tends to be higher. An example of this tendency is shown in the MAE computed for
the Obesity class II which correspond to 10.465 (the highest in the whole dataset). This results correspond to
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Method Normal Overweight Obesity I Obesity II Male Female σ2∗

Bayesian-ViT (10%) 1.927 2.577 7.435 10.462 2.579 2.483 2.560
Bayesian-ViT (25%) 2.125 2.149 5.699 10.382 2.743 3.079 2.814
Bayesian-ViT (50%) 2.718 1.874 4.430 9.785 2.941 3.546 3.100
Bayesian-ViT (75%) 3.112 2.129 3.430 9.040 3.420 4.257 3.668
Bayesian-ViT (100%) 3.361 2.497 3.400 8.196 4.073 5.209 4.434

Table 3: MAE obtained for each method computed by class and gender when using variance as discriminator
for uncertainty. The overall MAE computed is displayed at the last column.

(a) Risk-Coverage Curve (b) MAE By Variance percentile bins

Figure 6: Figure shows the Risk coverage Curve in (a) where the MAE is computed as a function of the number
of test images that are selected. Figure (b) shows the MAE as a function of the variance expressed in percentiles

only two samples where the BMI was poorly estimated. However, given the spread of the BMI values in this
category, the MAE tends to be bigger and has a greater influence in the overall error. Figure 5 shows the specific
images corresponding to this error in the Obesity Class with their respective BMI (real and estimated).

BMIR : 36.97; BMIE : 25.95 BMIR : 36.91; BMIE : 27.01

Figure 5: This two images correspond to the Obesity II
class with a MAE of 10.462 reported in Table 3 .

Figure 6 (a) shows the Risk Coverage Curve to
evaluate how well an uncertainty measurement (in
this case the variance) can identify unreliable predic-
tions. The plot shows the increase in the MAE when
more samples with less certainty are being added (x-
axis). When all data is considered, the overall MAE
is 4.434 as reported in Table 3.

The plot in Figure 6 (b) shows the MAE of the
estimated BMI by variance percentile. As can be
shown, the MAE increases when the variance in-
creases showing the relation of the predicted variance
with the error of the prediction and therefore, demon-
strate the capability of this estimator as discriminator
for better estimation results. Entropy has also been
shown to be a good discriminator for uncertainty as is shown in column 9 of Table 3. In this case, the MAE
computed is similar to the MAE achieved by the variance metric.
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4.3 Comparison with the state of the art

The MAE of the estimated BMI for the test dataset is compared to the state of the art in Table 4. Only methods
using the same database (visualBMI) are reported. Results show that the proposed method gives better results
than most previous methods. There are three main differences between the proposed method and previous
work: First, it is one of the first methods reporting the use of a transformer-based architecture where attention
head is used instead of convolutional neural networks. Secondly, a Bayesian approach is added to quantify the
uncertainty of the prediction and make the algorithm able to select only the most trustworthy results. Finally, the
Bayesian ViT architecture was pre-trained using standard images (ImageNet-21k and ImageNet-1k). Therefore,
no additional face datasets such as VGGFace, MS-Celeb or CASIA-WebFace were needed.

5 Conclusion and Future Work

Paper MAE
[Kocabey et al., 2017] 5.160
[Siddiqui et al., 2020] 5.020
[Aarotale et al., 2023] 5.130
[Yousaf et al., 2021] 4.990

Proposed ViT 4.375
Proposed Bayesian ViT 4.434

[Haritosh et al., 2019] 3.800
Proposed Bayesian ViT (75%) 3.668
Proposed Bayesian ViT (50%) 3.100
Proposed Bayesian ViT (25%) 2.814
Proposed Bayesian ViT (10%) 2.560

Table 4: Comparison of the proposed method with state
of the art BMI estimation algorithms using single facial
images and the VisualBMI dataset

A Bayesian-Vit Model to estimate the Body Mass In-
dex (BMI) in the benchmark VisualBMI dataset has
been presented. These results are comparable to the
state of the art with the advantage that the certainty
of the prediction can be quantified. The overall MAE
in the ViT and Bayesian ViT was 4.375 and 4.434 re-
spectively.

When selecting only the best predictions (with
less uncertainty) the MAE is considerable reduced
(up to 2.560 when considering the best 10% of the
data and 3.668 when selecting 75%. BMI estima-
tion using a single face image is still a challeng-
ing problem and there are several issues that still
need to be addressed such as an imbalance in the
datasets. For future work, the use of a classification
model combined with regression to better estimate
obesity classes will be explored. The use of ensem-
ble Bayesian model and metrics for performing the
ensemble will also be studied.
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Abstract

Facial Action Units and continuous valence-arousal are complementary but distinct representations of
facial affect. While temporal valence-arousal estimation is well studied, the role of Action Units within this
task remains unclear: should they be omitted, used as auxiliary training priors, supplied as predicted fea-
tures, or used as the dominant pathway for valence-arousal prediction? This question is addressed through a
systematic architectural study on the overlapping valence-arousal and Action Unit subset of the Aff-Wild2
dataset. The five AU-routing configurations share the same ResNet-50 backbone, Transformer temporal en-
coder, and training protocol; separate controls vary geometry and temporal-window length. In the single-run
comparison, prediction without Action Unit supervision reaches a mean concordance correlation coefficient
of 0.3339. Action Unit feature fusion improves this to 0.3472 with concatenation and 0.3643 with gating,
while Action Unit-mediated prediction reaches 0.3688. The strongest configuration, auxiliary Action Unit
supervision with direct temporal prediction and no MediaPipe geometry, reaches 0.3887 for a single run
and 0.3975± 0.0133 across five seeds. Frame-level pathway diagnostics extend the analysis beyond the
overall concordance correlation coefficient evaluation by comparing routing behaviour across distance from
the neutral valence-arousal point, temporal stability, and facial Action Unit activation regimes. These find-
ings indicate that Action Units are most effective as representation-shaping priors rather than as universal
valence-arousal pathways.

Keywords: Action Units, Valence-Arousal, Temporal Affect Recognition, Multi-Task Learning, Auxiliary
Supervision

1 Introduction

The study of human emotion involves multiple complementary representations. Action Units (AUs), anatomi-
cally defined facial muscle movements, provide a low-level, interpretable description of expression mechanics.
In contrast, dimensional models using valence (positive-negative) and arousal (low-high activation) capture
global affective state. Temporal VA prediction from facial video has been extensively studied, with recent sys-
tems employing recurrent, convolutional, transformer-based, and audio-visual temporal encoders. Thus, the
central question is not whether temporal modeling benefits VA prediction, but how interpretable AU structure
should be incorporated into temporal VA systems.

Existing approaches typically predict AUs and VA independently or use AUs as auxiliary supervision, but
seldom examine whether VA prediction should be routed through estimated AUs. This design is intuitive be-
cause AUs describe facial muscle activations. However, accurate VA estimation may also depend on temporal
context, facial appearance, expression intensity, head motion, and subtle cues outside the limited supervised AU
set. Requiring predicted AUs to form a mandatory intermediate representation may therefore improve inter-
pretability while discarding information needed for accurate VA estimation. This study frames AU integration
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as a routing problem: whether AUs shape training, enter the VA regressor as predicted features, or become
the dominant intermediate representation. This is an architectural prediction question, not a causal analysis of
whether facial actions determine affect, which would require interventions and causal assumptions unavailable
from observational annotations. On the Aff-Wild2 VA+AU overlap split, controlled architectural comparisons
cover VA-only prediction, direct VA prediction with auxiliary AU supervision, AU feature fusion, and AU-
mediated prediction. Compact MediaPipe [Lugaresi et al., 2019] geometry and a shorter temporal window
serve as controls, while diagnostics compare aggregate and frame-level errors across affect and facial-action
regimes.

The key contributions of the paper are:

• AU supervision improves temporal VA estimation without requiring predicted AUs in the inference route:
every AU-aware variant exceeds VA-only prediction, while AU-aux direct is strongest in the controlled
architectural comparison 1.

• The supervised 12-AU probability vector is informative but incomplete as a universal VA route. Concate-
nation, gating, and mediation improve on VA-only prediction yet remain below AU-aux direct, indicating
that the shared temporal representation retains additional VA-relevant information.

• The value of AU routing is condition-dependent. Five-seed evaluation and frame-level diagnostics show
that AU-aux direct is strongest near neutral and during stable affect, whereas mediation retains selective
value for upper-face activation regimes.

2 Related Work

Continuous affect recognition is commonly formulated through the widely used two-dimensional valence-
arousal model [Russell, 1980], whereas facial expression analysis often relies on the Facial Action Cod-
ing System (FACS) [Ekman and Friesen, 1978]. Large-scale in-the-wild benchmark datasets such as Aff-
Wild2 [Kollias and Zafeiriou, 2018] and ABAW [Kollias, 2022b] support evaluation across VA estimation, AU
detection, and expression recognition under naturalistic conditions. These datasets introduce substantial varia-
tion in pose, illumination, occlusion, identity, and recording environment, making them important testbeds for
modern affect recognition models.

Temporal modeling plays a central role in VA estimation from facial video. Recurrent networks, tempo-
ral smoothing, causal sequence models, transformers, and audio-visual fusion have all been used to improve
over frame-level baselines [Meng et al., 2022, Zhang et al., 2021]. In these approaches, performance gains are
primarily attributed to improved temporal representation learning, and the value of temporal context for VA
prediction is well established. In contrast, the objective here is to hold the temporal backbone fixed and study
the AU-to-VA routing mechanism as the primary experimental variable.

Multi-task learning across AUs, expressions, and VA is motivated by the intuition that lower-level facial sig-
nals can regularize higher-level affect prediction [Kollias, 2022a, Das et al., 2024]. ABAW systems and related
multi-task approaches [Kollias, 2022b, Kollias, 2022a] often benefit from joint AU and VA supervision, making
AU co-supervision a common design component. However, prior studies rarely disentangle three qualitatively
different uses of AUs: auxiliary supervision that shapes encoder representations during training, predicted AU
features that augment the VA head at inference, and enforced intermediate pathways that require VA to be
inferred through AU activations. This distinction has direct architectural implications, because each strategy
makes a different assumption about whether the supervised AU space is sufficiently expressive to support con-
tinuous VA prediction.

Geometric and landmark features offer a complementary interpretable prior. Compact facial and behavioral
descriptors, including landmarks, pose, gaze, and AU features, have been used in related affective-state recog-
nition settings [Das and Dev, 2025]; tools such as MediaPipe [Lugaresi et al., 2019] further enable lightweight

1Code is publicly available at https://github.com/rijju-das/AU-Routing-VA to support reproducibility and further
research.
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Figure 1: Frame-level Pearson correlations between each binary ground-truth AU label (columns) and the
continuous valence and arousal annotations (rows) on the Aff-Wild2 overlap training set. Each cell is an AU-
to-VA correlation computed across paired annotated frames.

facial geometry extraction. However, their value as fused priors for strong RGB-based temporal VA models re-
mains unclear. Such features may provide explicit facial structure, but they may also be redundant with learned
appearance representations or introduce noise when landmark detection is unreliable. MediaPipe geometry is
therefore included as a controlled ablation rather than assumed to improve VA prediction.

3 Diagnostic Framework

3.1 Data and Setup

All experiments are conducted on the Aff-Wild2 VA+AU overlap subset, where each training sample contains
both continuous valence-arousal (VA) annotations and binary labels for 12 facial Action Units: AU1, AU2,
AU4, AU6, AU7, AU10, AU12, AU15, AU23, AU24, AU25, and AU26. The split contains 295 training
videos and 65 validation videos. Unless otherwise stated, videos are sampled as 16-frame windows with a
stride of 8. Frames are resized to 112×112 and normalized using ImageNet statistics. A compact temporal-
context ablation uses 8-frame windows while keeping the remaining preprocessing and model configuration
unchanged. Figure 1 reports the frame-level Pearson correlation between each binary ground-truth AU label
and each continuous VA target (AU-to-VA correlations) on the overlapping training set. Their heterogeneous
signs and absolute values, ranging from 0.02 to 0.46, show that individual AUs carry related but incomplete
linear information about VA. The figure therefore motivates an empirical test of AU routing; it does not establish
whether the combined AU vector is sufficient for VA estimation.

3.2 AU Routing Variants

All model variants use the same shared visual-temporal encoder. Given a window of T RGB frames, a ResNet-
50 backbone pretrained on ImageNet extracts per-frame visual features. The resulting feature sequence is
passed to a two-layer vanilla self-attention Transformer encoder [Vaswani et al., 2017], producing frame-wise
temporal representations ft ∈R256. Across the routing comparisons, the encoder architecture and representation
dimensionality remain fixed, while the use of AU information varies. The AU head maps this representation
to 12 frame-level activation probabilities, ût = σ(hAU(ft )) ∈ [0,1]12, while the direct VA head predicts a two-
dimensional valence-arousal coordinate, ŷdirect

t = tanh(hVA(ft )) ∈ [−1,1]2. The h· terms denote independently
learned two-layer feed-forward heads. Figure 2 summarizes how the shared temporal representation and pre-
dicted AUs are used across the five comparison variants.

The variants span a continuum from no AU use to AU-dominant routing. Pure VA-only ignores AU la-
bels and predicts VA directly from ft . AU-aux direct is a multi-task configuration where the AU and VA
losses jointly shape the shared encoder during training, while VA is predicted directly from ft rather than from
ût . Unlike AU-aux direct, the remaining three AU-aware variants explicitly introduce predicted AUs into VA
estimation. In AU concatenation, the VA head receives both the temporal representation and predicted AU
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Figure 2: Five comparison variants sharing the same ResNet-50 + Transformer backbone (ft ∈ R256, T=16
frames). The blue branch represents the pure VA-only baseline; adding the auxiliary AU head yields AU-aux
direct. AU-mediated VA estimates VA primarily from predicted AUs, while AU concatenation and AU-gated
fusion introduce them explicitly at the VA head. Repeated loss connections and the scalar residual path are
omitted for visual clarity.

probabilities:
ŷconcat

t = tanh(hconcat ([ft ; ût ])) . (1)

In AU-gated fusion, a two-dimensional direct VA score dt ∈ R2 derived from ft and an AU-derived VA score
ct ∈R2 derived from ût are combined using a frame-level, per-dimension gate γt ∈ [0,1]2:

γt =σ
(
hgate ([ft ; ût ])

)
, ŷgated

t = tanh
(
(1−γt )dt +γt ct

)
. (2)

In AU-mediated VA, the prediction passes primarily through the predicted AU probabilities:

ŷAU
t = tanh(hAU2VA(ût )+αrt ), (3)

where rt = 1
256

∑256
j=1 ft , j is a scalar temporal-feature summary broadcast to both VA dimensions, and α is a

learnable scalar initialized to 0.01. This produces an AU-structured route with a low-dimensional residual
rather than a strictly AU-only pathway.

4 Experiments and Results

4.1 Training and Evaluation Setup

Training uses AdamW for 20 epochs (learning rate 5×10−5; weight decay 10−5), cosine scheduling, unit-norm
gradient clipping, and batches of 8 accumulated over four steps (effective batch 32). ResNet-50 is frozen for 10
epochs and then unfrozen with the learning rate doubled. For d ∈ {v, a}, the concordance correlation coefficient
(CCC) is

ρ(d)
c = 2cov(y(d), ŷ(d))

var(y(d))+var(ŷ(d))+ (µy (d) −µŷ (d) )2 +ϵ , (4)

where y(d) and ŷ(d) are valid batch labels and predictions; cov, var, and µ are population moments; and ϵ= 10−8

provides numerical stability. The VA loss is LVA = (1−ρ(v)
c )+1.5(1−ρ(a)

c ), mildly upweighting arousal. AU
detection uses weighted binary cross-entropy to address class imbalance, and AU-aware models optimize the
sum of the AU and VA losses with unit task weights. The pure VA-only ablation sets the AU loss weight to
zero. The best epoch for each run is selected using validation mean CCC, computed as the average of valence
CCC and arousal CCC. AU quality is reported with macro F1 at threshold 0.5.
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Geometry is a secondary control, not part of the AU-routing mechanism. This geometry is extracted using
MediaPipe to test whether explicit facial shape and pose cues complement the learned RGB-temporal represen-
tation or alter the relative behaviour of the routing variants. Only “+ MediaPipe” variants receive a precomputed
40-D vector: 32 normalized coordinates from 16 landmarks, three pose proxies, four bounding-box values, and
one validity flag. A learned gate adds its projected embedding residually to the RGB-temporal representation,
and disk caching fixes these inputs across runs.

4.2 AU Role, Robustness, and Geometry Ablations

Table 1 compares the tested AU-integration strategies and the two control ablations for geometry and temporal
context, forming a clear performance ladder. Pure VA-only prediction is weakest, reaching 0.3339 mean CCC.
Adding predicted AUs as explicit VA features improves performance to 0.3472 with concatenation and 0.3643
with gating. AU-mediated VA reaches 0.3688. The best single run is AU-aux direct, reaching 0.3887.

Group Variant Mean CCC CCCv CCCa AU F1

AU role

Pure VA-only, no AU loss 0.3339 0.2066 0.4613 -
AU concatenation, no MediaPipe 0.3472 0.2269 0.4675 0.4440
AU-gated fusion, no MediaPipe 0.3643 0.2851 0.4435 0.4478
AU-mediated VA, no MediaPipe 0.3688 0.2870 0.4506 0.4334
AU-aux direct, no MediaPipe 0.3887 0.2800 0.4973 0.4393

Geometry AU-aux direct + MediaPipe 0.3574 0.2717 0.4430 0.4428
AU-mediated VA + MediaPipe 0.3470 0.2462 0.4477 0.4323

Temporal AU-aux direct + MediaPipe, T = 8 0.3456 0.2920 0.3993 0.4529

Table 1: Main validation results on the Aff-Wild2 VA+AU overlap split, grouped by the tested factor. All
variants use 16-frame windows unless explicitly marked otherwise. AU-aware variants improve over pure VA-
only prediction, and the strongest result is AU-aux direct.

Together, Table 1 and Figure 3 support the central claim. Every AU-aware variant improves over pure
VA-only prediction, but the strongest use of AUs is not hard mediation. AU concatenation, AU-gated fusion,
and AU-mediated VA progressively improve on VA-only prediction but remain below AU-aux direct, which
exceeds AU-mediated VA without MediaPipe by +0.0199 CCC. Thus, AU supervision improves temporal rep-
resentations, which retain VA-relevant information beyond predicted AU probabilities.
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Figure 3: AU-role ablation ladder. The best single run is AU-aux direct at 0.3887 mean CCC; explicit AU
routes improve over VA-only prediction but remain weaker. MP denotes MediaPipe.

Because single runs can overstate differences, Table 2 reports five-seed robustness for AU-aux direct and
the matching MediaPipe variant. AU-aux direct, no MediaPipe obtains 0.3975±0.0133 mean CCC, while AU-
aux direct + MediaPipe obtains 0.3764±0.0131. Across the same five matched seeds summarized in Table 2,
the no-MediaPipe model wins in 4 out of 5 paired comparisons with a mean paired gain of +0.0211 CCC. Thus
Table 2 shows that the main conclusion is not driven by a single favourable run.

The geometry and temporal rows in Table 1 show a negative but informative result. Compact MediaPipe
geometry reduces VA performance for both routing conditions: AU-aux direct drops from 0.3887 to 0.3574
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Variant Mean CCC CCCv CCCa AU F1
AU-aux direct, no MediaPipe, 5 seeds 0.3975 ± 0.0133 0.3273 ± 0.0338 0.4678 ± 0.0180 0.4458 ± 0.0063
AU-aux direct + MediaPipe, 5 seeds 0.3764 ± 0.0131 0.2925 ± 0.0166 0.4603 ± 0.0302 0.4376 ± 0.0059

Table 2: Five-seed validation robustness. AU-aux direct is stronger on average; over matched seeds, the no-
MediaPipe model wins 4/5 paired comparisons with a mean paired gain of +0.0211 CCC.

mean CCC, and AU-mediated VA drops from 0.3688 to 0.3470. The temporal-window row further shows that
the 8-frame MediaPipe variant is weaker than the corresponding 16-frame MediaPipe model for VA (0.3456
vs. 0.3574), although it yields the highest AU F1 (0.4529). This suggests that VA benefits from longer tem-
poral context, while AU detection may be more local and frame-proximal. More importantly, the geometry
experiment cautions against assuming that interpretable priors automatically improve a strong RGB-temporal
encoder.

4.3 Pathway Diagnostics

Aggregate CCC identifies the winner, but not the mechanism. To test whether each AU route helps in different
affect regimes, validation outputs are aligned by temporal-window position and their frame-level errors are
compared between pathways. For models A and B , listed before and after “vs.” in Table 3, Base CCC and
Comp. CCC report their respective aggregate scores. ∆MAE is MAEB −MAEA , so positive values favour
baseline A; win rate is the fraction of aligned predictions for which A has lower VA error. Ground-truth

distance from neutral is δt =
√

v2
t +a2

t and is grouped into near-neutral (δt < 0.15), low (0.15 ≤ δt < 0.35),
medium (0.35 ≤ δt < 0.60), and high (δt ≥ 0.60) bins. Table 3 summarizes the comparisons.

Comparison Base CCC Comp. CCC ∆MAE Win Rate
AU-aux direct vs. AU-mediated VA, no MP 0.3871 0.3675 +0.0012 0.503
AU-aux direct vs. AU-mediated VA, MP 0.3561 0.3461 +0.0327 0.624
AU-aux direct, no MP vs. MP 0.3871 0.3561 +0.0164 0.542
AU-mediated VA, no MP vs. MP 0.3675 0.3461 +0.0480 0.638
AU-aux direct, MP, T = 16 vs. T = 8 0.3365 0.3223 +0.0040 0.515

Table 3: Diagnostic comparisons; MP denotes MediaPipe and T the temporal-window length in frames. Pos-
itive ∆MAE favours the baseline. The first four use 545,327 aligned valid VA predictions from overlapping
windows; the final comparison aligns VA predictions at the shared starting frame of each matched window.

To show whether the aggregate difference varies across conditions, the first comparison in Table 3 is further
decomposed across affect and AU regimes in Figure 4. Although the overall difference between AU-aux direct
and AU-mediated VA without MediaPipe is small (+0.0012), substantially larger differences emerge within
individual subgroups. In this decomposition, AU-aux direct is especially favourable for negative/low-arousal
frames (∆MAE =+0.0342), near-neutral frames (+0.0244), frames at low VA distance (+0.0141), and tempo-
rally stable windows (+0.0122). Here, temporal stability denotes a mean ground-truth VA standard deviation
below 0.05 within a window. These results suggest that the supervised AU activations may not fully charac-
terize VA under these conditions. In contrast, the AU-mediated model remains favourable for some upper-face
patterns, including upper-face-only frames, where at least one upper-face AU is active and lower-face AUs
are inactive (−0.0333), and eye/cheek-only frames (−0.0153). AU mediation therefore remains informative in
selected facial-action regimes, although it is not the strongest overall route for VA estimation.

5 Discussion

The results separate two roles for AUs that are often conflated in multi-task affect models: supervision and
routing. AU supervision is useful because it encourages the shared temporal representation to encode facial-
action structure. However, using the predicted AU vector ût as the primary information route for VA is more
restrictive. The AU-aux direct model keeps VA prediction conditioned on the full temporal representation while
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Figure 4: Grouped pathway diagnostics for AU-aux direct versus AU-mediated VA without MediaPipe. Positive
∆MAE favours AU-aux direct; negative values favour AU-mediated routing.

still using AU labels to shape that representation during training. This design preserves access to cues that fall
outside the 12 supervised AUs, including expression intensity, facial appearance, person-specific dynamics,
and sequence-level context. The concatenation and gated routing variants occupy an intermediate position
between priors and pathways. They demonstrate that predicted AU probabilities can serve as useful VA features,
particularly when a learned gate modulates the contribution of the AU-derived estimate. That neither variant
surpasses AU-aux direct suggests that, in the tested setting, the expressiveness of the AU probability vector may
be a stronger limitation than the choice of fusion mechanism. Once AUs have shaped the encoder, providing
them explicitly at the VA head offers diminishing returns. These findings concern information flow within the
trained models; they do not establish that AUs cause, mediate, or determine human affect, and the observed
differences across affect and AU subgroups should be interpreted as associations rather than causal effects.

For the geometry control, the result applies only to the tested compact descriptor, not to facial geometry
generally. The descriptor reduces VA performance in both routing conditions, and the no-MediaPipe model
leads in four of five paired runs (Table 2). Static coordinates may be redundant with learned RGB shape cues or
noisy under imperfect landmark fits. Richer dynamic geometry, including landmark velocities, distances, and
symmetry, was not evaluated in this work. Therefore, the supported conclusion is limited to this descriptor and
fusion setting.

The study is also limited to the Aff-Wild2 VA+AU overlap subset. Paired frame annotations enable con-
trolled comparison, but the hierarchy may depend on the dataset’s annotation protocol, subject and recording
distribution, label reliability, and 12-AU inventory. AU type and count are fixed, so the experiments cannot
attribute the benefit to particular units or determine whether a larger inventory would change the ranking. The
evidence is therefore within-dataset rather than universal. Replication, cross-dataset transfer, and AU-subset
ablations are needed to test generalization. The diagnostic asymmetry motivates hybrid architectures that apply
AU-mediated routing selectively for high-confidence upper-face activations, while retaining direct prediction
when AU evidence is weak or ambiguous.

6 Conclusion

This work tests AUs as auxiliary supervision, predicted features, and AU-dominant pathways for temporal
VA estimation. Under controlled comparisons using the same ResNet-50 and Transformer on the Aff-Wild2
VA+AU overlap split, every AU-aware variant exceeds pure VA-only prediction (0.3339 mean CCC). AU-aux
direct is strongest at 0.3887 for a single run and 0.3975± 0.0133 across five seeds, ahead of concatenation
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(0.3472), gated fusion (0.3643), and mediation (0.3688). Diagnostics show its largest advantages near neu-
tral and within temporally stable windows, while mediation retains selective value for upper-face activations.
Within the evaluated dataset and 12-AU inventory, AUs are therefore valuable but conditional: they provide
interpretable facial-action evidence yet do not form a complete route for contextual or weakly expressed affect.
The findings support AUs as representation-shaping priors rather than universal VA pathways and motivate
selective routing when AU evidence is reliable.
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Abstract

Egocentric action anticipation requires predicting an action before it begins, given only the preceding
visual context. We test whether low-rank adaptation (LoRA) can parameter-efficiently specialize V-JEPA 2,
a self-supervised video encoder trained with a feature-prediction objective. On a controlled 22-participant
subset of EPIC-KITCHENS-100 with a shared attentive probe, we compare frozen probing against LoRA
at ranks r ∈ {4,8,16,32} and a matched-budget upper-layer variant. Full-layer LoRA with r = 4 reaches
the best action mean-class Recall@5, raising it from 16.39% to 18.67% with 0.39M trainable parameters
(0.13% of the backbone). Higher ranks bring no further gain, and concentrating the same adapter budget in
the upper six layers hurts performance. These results show that small, broadly distributed low-rank updates
can adapt V-JEPA 2 without full fine-tuning, while trading extra training memory and time for a compact
stored adapter.

Keywords: Action Anticipation, Parameter-Efficient Fine-Tuning, LoRA, V-JEPA, Egocentric Video

1 Introduction

Action anticipation asks a model to predict what a person will do before the action begins. Unlike recognition,
the target action itself is unobserved. Egocentric video makes this harder: object interactions are fine-grained
and class frequencies are heavily skewed. Anticipation matters for assistive systems and embodied agents that
must act before an event has completed.

Large-scale self-supervised video encoders are a strong starting point for this problem. V-JEPA
2 [Assran et al., 2025] is a recent large-scale self-supervised video encoder pre-trained with a feature-prediction
objective. Rather than reconstructing pixels, a joint-embedding predictive architecture (JEPA) learns to predict
latent representations of masked content. JEPA models are a natural fit for anticipation, since both pre-training
and downstream evaluation require reasoning about unobserved information.

Full fine-tuning of a large video backbone is expensive and risks overwriting useful pre-trained repre-
sentations. Parameter-efficient fine-tuning (PEFT) sidesteps this by learning a small number of task-specific
parameters while keeping the pre-trained weights fixed. Low-rank adaptation (LoRA) [Hu et al., 2022] is now
a standard tool for adapting large foundation models, but it has been studied mainly on language models and
reconstruction- or contrastively-trained visual encoders. Whether the low-rank update hypothesis behind LoRA
holds for representations learned through feature prediction, as in a JEPA video model, has not been established
empirically. To our knowledge, this is the first systematic evaluation of LoRA adaptation of V-JEPA 2 for ego-
centric action anticipation. We treat this as an empirical question rather than a claim of methodological novelty:
our aim is a practical, evidence-based recipe for adapting V-JEPA 2.

Our study yields three findings:

• LoRA adaptation of V-JEPA 2 improves egocentric action anticipation over frozen probing, raising action
mR@5 from 16.39% to 18.67% with only 0.39M adapter parameters (0.13% of the backbone).

Proceedings of the 28th Irish Machine Vision and Image Processing conference IMVIP 2026

August 26th-28th, 2026, Maynooth University 256 ISBN 978-1-9195641-0-4



• The downstream update has low intrinsic rank: sweeping r ∈ {4,8,16,32} shows that r = 4 is already
optimal and higher ranks bring no gain while beginning to overfit.

• Where adapters are placed matters more than how large they are: under a fixed 0.39M budget, spreading
small adapters across all 24 encoder layers beats concentrating them in the upper six layers by 1.30 pp.

2 Related Work

Egocentric action anticipation. EPIC-KITCHENS introduced large-scale egocentric video understanding
in everyday kitchens [Damen et al., 2018], and EPIC-KITCHENS-100 expanded the dataset and evaluation
protocol [Damen et al., 2022]. Action anticipation predicts a future verb–noun action before its onset. Prior
work has explored attention-based modality fusion for this setting [Furnari and Farinella, 2019]. We focus on
adapting a self-supervised video encoder under a controlled anticipation protocol.

Joint-embedding predictive architectures. JEPA models learn by predicting latent representations of
masked content rather than reconstructing pixels [Assran et al., 2023]. V-JEPA 2 [Assran et al., 2025] scales
this idea to internet-scale video and shows strong transfer to video understanding and anticipation; V-JEPA 2.1
later reports further gains through denser self-supervision [Mur-Labadia et al., 2026]. We study how much a
JEPA video encoder can be specialized with few trainable parameters when the egocentric training set is small.

Video representation learning. Video encoders have benefited from supervised pre-training on ac-
tion datasets such as Kinetics [Kay et al., 2017], contrastive learning [Chen et al., 2020, He et al., 2020,
Radford et al., 2021], and masked reconstruction [He et al., 2022, Tong et al., 2022]. JEPA models differ from
reconstruction-based approaches by predicting latent targets rather than pixels.

Parameter-efficient fine-tuning. Full fine-tuning a 307M-parameter encoder is costly on a small task-
specific subset. PEFT methods reduce the trainable parameter count, with adapter layers [Houlsby et al., 2019],
prefix tuning [Li and Liang, 2021], and LoRA [Hu et al., 2022] being common examples. LoRA keeps the orig-
inal weights fixed and learns a low-rank residual update. Our focus is empirical: whether this low-rank update
is sufficient for a feature-prediction video encoder, and how rank and layer placement affect anticipation.

Attentive probing. Frozen feature evaluation relies on probes to measure representation quality. We adopt the
attentive probing design from V-JEPA 2 [Assran et al., 2025] and the prior V-JEPA work [Bardes et al., 2024]
and train a shared transformer-based probe across all experiments. The probe serves as a fixed evaluation head;
it is part of our setup, not a contribution.

3 Method

3.1 V-JEPA 2 Backbone

We use the V-JEPA 2 ViT-Large encoder facebook/vjepa2-vitl-fpc64-256 [Assran et al., 2025].
The backbone has 307M parameters, 24 transformer layers, a 1024-dimensional embedding, and 16 attention
heads. It uses three-dimensional rotary positional embeddings (RoPE) for spatiotemporal position encoding.
V-JEPA 2 was pre-trained by Meta on approximately 22M videos using a joint-embedding feature-prediction
objective. During pre-training, a context encoder predicts latent targets from an exponential-moving-average
target encoder under high-ratio block masking. We adapt the released context encoder in all downstream
experiments.
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Table 1: Architecture and training configuration.
Component Configuration

Backbone V-JEPA 2 ViT-Large
Backbone size 307M parameters
Encoder 24 layers, 1024 dim., 16 heads
Position encoding 3D RoPE
LoRA targets Query and value projections
LoRA ranks 4, 8, 16, 32
LoRA scaling α= 2r
Attentive probe 4 blocks, 3 query tokens, 67.4M params
Input 32 frames, 8 FPS, 2562 px
Context / gap 4 s / 1 s
Optimizer AdamW, batch size 8
Learning rate 10−4 (baseline) / 5×10−5 (LoRA)

3.2 LoRA Adaptation

For a frozen pre-trained projection matrix W0 ∈Rd×k , LoRA [Hu et al., 2022] learns a low-rank residual update:

W =W0 +∆W, ∆W = B A, (1)

where B ∈ Rd×r , A ∈ Rr×k , and r ≪ min(d ,k). Only A and B are updated during training. The adapter output
is scaled by α/r before addition, where we set α = 2r so that the effective scaling is constant across all rank
configurations.

Using the Hugging Face PEFT library, we inject LoRA adapters into the query and value projections of self-
attention. Our main variants apply adapters to all 24 encoder layers. We conduct a rank sensitivity study with
r ∈ {4,8,16,32}, corresponding to 0.39M, 0.79M, 1.57M, and 3.15M trainable adapter parameters. To study
layer placement under a fixed budget, we also apply rank-16 adapters only to layers 18–23. This upper-layer
configuration contains 0.39M adapter parameters, matching full-layer LoRA with r = 4.

3.3 Attentive Probe

All experiments use the same attentive probe, trained from scratch. The probe has four pre-LayerNorm trans-
former blocks, 16 attention heads, an MLP ratio of 4.0, and zero dropout. Three learnable cross-attention
query tokens summarize the video representation for verb, noun, and action classification. The probe totals
67.4M trainable parameters. For the frozen baseline, only the probe is trained. For LoRA variants, the probe
and low-rank adapter matrices are trained jointly while the original backbone weights remain frozen. Table 1
summarizes the full architecture and training configuration.

4 Experimental Setup

4.1 Dataset and Subset Construction

We train and evaluate on a 22-participant subset of EPIC-KITCHENS-100 [Damen et al., 2022], comprising
approximately 56,311 training clips and 6,720 validation clips from the official train and validation CSVs.
The full dataset spans 37 participants; our subset was determined only by frame-storage capacity, and all
experiments use the same subset. We therefore report internally controlled comparisons and discuss full-dataset
V-JEPA results only as context in Section 6.

Frames are pre-extracted JPEG images obtained from the official EPIC-KITCHENS-100 distribution hosted
by the University of Bristol [Damen et al., 2022]. The probe predicts the full training vocabulary: 97 verbs, 300
nouns, and 3,568 verb–noun actions. Mean-class recall is computed over validation-present classes, including
895 actions in our subset.
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Figure 1: Temporal anticipation protocol. The model receives a four-second context window ending one second
before the target action begins.

4.2 Temporal Anticipation Protocol

For an action starting at time ts , the observation ends one second before its onset:

tend = ts −τa , τa = 1.0 s. (2)

We sample a four-second context window ending at tend, as illustrated in Figure 1. Each input therefore
contains 32 frames at 8 FPS, linearly sampled from source video recorded at 60 FPS. The model sees none of
the anticipated action.

The one-second gap follows the standard EPIC-KITCHENS-100 anticipation proto-
col [Damen et al., 2022]. The four-second, 8 FPS window gives V-JEPA 2 its expected 32-frame input,
covers immediate pre-action context, and avoids near-duplicate frames from the 60 FPS source videos.
These temporal settings were fixed before the LoRA sweep and held constant across all variants. Frames are
processed at 256×256 resolution with center cropping and the default normalization from the Hugging Face
AutoVideoProcessor. We use no additional data augmentation.

4.3 Loss Function

We optimize focal loss [Lin et al., 2017] independently for verbs, nouns, and actions. For ground-truth class
probability pt , focal loss is:

Lfocal(pt ) =−(1−pt )γ log(pt ), (3)

with γ= 2.0. The complete objective gives equal weight to each prediction head:

L =Lverb +Lnoun +Laction. (4)

We use ignore_index=-1 for unseen action classes.

4.4 Optimisation

We train with AdamW [Loshchilov and Hutter, 2019] using β1 = 0.9, β2 = 0.999, ϵ = 10−8, and weight decay
0.05. The baseline learning rate is 10−4; all LoRA variants use 5×10−5. A linear warmup covers the first 5%
of steps, followed by cosine decay to zero. We clip the gradient norm to 1.0 and train with a batch size of eight
using bfloat16 mixed precision.

Experiments run on two NVIDIA A100 80 GB GPUs with PyTorch 2.6 and PEFT 0.19.
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Figure 2: Validation action mR@5 over training epochs. Low-rank full-layer adaptation consistently improves
on frozen probing. Increasing rank beyond r = 4 does not improve the best action score.

4.5 Evaluation Metrics

Our primary metric is mean-class Recall@5 (mR@5), following EPIC-KITCHENS evaluation practice. Mean-
class recall suits the long-tailed label distribution because it weights each class equally instead of letting fre-
quent actions dominate. We report verb, noun, and action mR@5 separately.

5 Results

5.1 Main Results

Table 2: Best validation results selected by action mean-class Recall@5 (mR@5). Adapter parameters exclude
the shared 67.4M-parameter attentive probe. Bold denotes the best value in each metric column.

Configuration Adapter Params. Best Epoch Verb mR@5 Noun mR@5 Action mR@5

Frozen baseline 0 8 27.50 29.84 16.39
LoRA r = 4 0.39M 7 28.79 32.64 18.67
LoRA r = 8 0.79M 6 26.41 33.26 18.47
LoRA r = 16 1.57M 7 26.46 32.02 18.44
LoRA r = 32 3.15M 6 27.04 33.13 18.54
LoRA upper (r = 16) 0.39M 6 25.67 31.51 17.37

Table 2 compares frozen probing against each LoRA configuration. All best-epoch selections are made by
action mR@5, the primary evaluation metric. Every LoRA variant improves noun and action mR@5 over the
frozen baseline. Full-layer LoRA with r = 4 achieves the best result, raising action mR@5 from 16.39% to
18.67% (+2.28 pp absolute, +13.9% relative) with 0.39M adapter parameters (0.13% of the backbone).

5.2 Rank Sensitivity

Figure 2 shows validation action mR@5 across epochs. The full-layer LoRA variants cluster tightly at their
best checkpoints: 18.67% for r = 4, 18.47% for r = 8, 18.44% for r = 16, and 18.54% for r = 32. Increasing
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rank gives no monotonic benefit. This suggests that small adapter matrices are sufficient for this downstream
update. LoRA r = 32 peaks at epoch 6 and drops to 17.34% by epoch 10 while training loss keeps falling,
indicating overfitting.

Action and noun mR@5 improve across all LoRA variants. Verb mR@5 is mixed: most variants score
below the baseline (26.41–27.04 vs. 27.50), though LoRA r = 4 reaches 28.79. Verb-relevant motion features
appear to be well captured by the frozen encoder; LoRA helps most with noun and action composition.

5.3 Matched-Budget Layer Placement

Full-layer LoRA with r = 4 and upper-layer-only LoRA with r = 16 each add 0.39M adapter parameters. Per-
formance differs: distributing small adapters across all 24 layers yields 18.67% action mR@5, while adapting
only layers 18–23 yields 17.37%. The 1.30 pp gap shows that broad layer coverage matters more than concen-
trating the same budget in the upper layers.

5.4 Efficiency

Table 3: Training efficiency over ten epochs. Hours are summed from epoch-level logs.
Configuration Peak GB Total Hours

Frozen baseline 13.80 21.99
LoRA r = 4 52.93 39.58
LoRA r = 8 53.24 34.84
LoRA r = 16 53.31 35.88
LoRA r = 32 53.17 46.96
LoRA upper 32.42 35.75

Table 3 clarifies that efficiency here means trainable parameter count, not lower compute or memory. Com-
pared with frozen probing, LoRA raises peak memory from 13.8 GB to about 53 GB and total training time
from 22.0 to 34.8–47.0 hours because gradients and activations must pass through adapted encoder layers. The
upper-layer variant reduces peak memory to 32.4 GB by adapting only six layers. Thus LoRA’s benefit is a
compact adapter and unchanged backbone weights, not faster or lighter training than frozen probing; the timing
numbers are descriptive rather than a hardware benchmark.

6 Limitations

We train on a 22-participant subset of EPIC-KITCHENS-100, so the results reflect internal comparisons among
adaptation strategies and cannot be compared directly to full-dataset benchmarks.

Relation to reported V-JEPA results. Our best action score (18.67% mR@5) is below the
EPIC-KITCHENS-100 figures reported for V-JEPA 2 (39.7%) [Assran et al., 2025] and V-JEPA 2.1
(40.8%) [Mur-Labadia et al., 2026], but these are not like-for-like comparisons. We use 22 of 37 participants,
compute mean-class recall over the 895 action classes present in our validation subset, and train a 0.39M-
parameter LoRA module plus probe rather than reproducing the full benchmark recipe. The results should
therefore be read as an internally controlled comparison of PEFT strategies, not as a re-benchmarking of V-
JEPA.

Comparison to full fine-tuning. We do not evaluate full fine-tuning of V-JEPA 2, whose activation-memory
cost exceeded our two-GPU budget. Future work should evaluate the full 37-participant split, compare against
full fine-tuning, and measure variance across seeds and augmentation settings.
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7 Conclusion

We applied parameter-efficient adaptation to V-JEPA 2 for egocentric action anticipation. Low-rank updates to
the query and value projections improve action mR@5 over frozen probing across all tested ranks. Rank r = 4
performs best, adding 0.39M parameters and raising action mR@5 by 2.28 percentage points. Distributing
adapters across the full encoder beats concentrating the same budget in the upper six layers. These results
indicate that low-rank adaptation is viable for JEPA video representations and can steer V-JEPA 2 toward
egocentric anticipation with few trainable parameters. The strongest gains occur on noun and action prediction,
suggesting that the frozen feature-prediction representation already encodes useful pre-action structure and
benefits from light task specialization.

Future work includes evaluation on the full 37-participant EPIC-KITCHENS-100 split, a controlled com-
parison against full fine-tuning, and joint adaptation of the predictor and encoder.
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