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Abstract

Visual Place Recognition (VPR) is a task in computer vision that involves matching

images of an environment to previously visited locations, enabling systems to identify

and recognise places based on visual information. VPR has emerged as a widely studied

topic in computer vision and mobile robotics, driven by its applications in autonomous

navigation, image retrieval, and loop closure detection. Over the past decade, the field

has witnessed significant progress, fuelled by improvements in camera hardware, the

proliferation of mobile devices, and the growing availability of public image datasets.

Researchers have increasingly utilised deep learning techniques to tackle the challenges

of VPR, particularly those related to appearance changes and varying viewpoints that

traditional descriptors struggled to address.

Despite these advancements, several interconnected challenges hinder the deploy-

ment of reliable and scalable VPR systems in automotive applications. Utilising large-

scale sequential datasets poses significant difficulties due to diverse recording conven-

tions, redundant visual content, and limited viewpoint variance, complicating training

processes for deep learning. Additionally, efficiently categorising scenes without ex-

plicit object identification introduces considerable computational and methodological

complexities. Furthermore, VPR systems face challenges related to scalability, pri-

marily due to the computational demands associated with rapid retrieval of images

for localisation along extensive trajectories spanning several kilometres. This thesis

specifically addresses these critical challenges.

First, we introduce OdoViz, a comprehensive and unified framework designed

for efficient dataset exploration, visualisation, analysis, curation, and preparation of

bespoke training data from heterogeneous datasets. OdoViz streamlines the creation of

standardised, tailored datasets essential for robust VPR model training.

Secondly, we elaborate on the development of robust learned image descriptors

utilising large sequential datasets. We introduce a novel discretisation approach that

segments trajectories into visually similar regions, facilitating efficient online sampling

of triplets for contrastive learning. We present a detailed training regime involving

tailored data subsets, a modified architecture, and a custom loss function for stable

contrastive training, optimised to generate robust learned image representations.
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Thirdly, we propose an efficient scene categorisation method leveraging Variational

Autoencoders (VAEs). Our approach encodes images into compact, disentangled

latent spaces without explicit object recognition, enabling rapid categorisation into

urban, rural, and suburban contexts. This method achieves exceptional computational

efficiency, with inference times under 100„s, making it suitable for use as a pretext task

in real-time automotive applications.

Finally, addressing the scalability concerns, we introduce a hierarchical framework

utilising learned global descriptors to facilitate rapid retrieval over extensive distances

while maintaining robust localisation performance. Through extensive experimentation,

we identify continuity and distinctiveness as key properties of effective global descrip-

tors for scalable hierarchical mapping, and propose a systematic method to quantify and

compare these characteristics across various descriptor types. Our VAE-based scene de-

scriptors achieve up to 9.5x speedup on the longest evaluated track, St Lucia (17.6km),

while maintaining the same recall performance over longer trajectories, demonstrating

their effectiveness in hierarchical localisation.

Together, these contributions address the identified VPR challenges, laying the

groundwork for scalable and efficient VPR systems leveraging learned representations,

suited for deployment in diverse real-world automotive environments.
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Chapter 1

Introduction

Visual Place Recognition (VPR) is the task in computer vision and mobile robotics

of matching images of an environment to previously visited locations. At its core,

VPR implicitly leverages visual cues such as distinct keypoints, patterns, objects, and

landmarks within its detection and matching process. Unlike general image retrieval,

VPR requires understanding the spatial and environmental context of images, which is

crucial for applications like autonomous navigation where accurate place recognition is

essential for mapping and localisation.

The complexity of VPR arises from the vast range of variations in the appearance

of real-world places due to changes in lighting, weather, seasons, and viewpoints (see

Figure 1.1 and Figure 1.2). The ability to reliably recognise places despite such

variations makes VPR a particularly demanding problem. The past two decades have

seen signi�cant progress in the development of robust VPR techniques, driven by the

necessity to address these challenges [1, 2]. These resulting techniques are now central

to the development of dependable and resilient autonomous systems in domains ranging

from self-driving vehicles to augmented and virtual reality headsets.

Within the domain of SLAM, VPR plays a particularly important role, providing

global constraints on the robot's trajectory estimates and enhancing the accuracy and

reliability of the mapping and localisation process. As a robot autonomously traverses

the environment, it continuously captures data about its surroundings through cameras

and other sensors. Fusing data from its sensors, the robot builds a map of its environment

while also estimating its pose. When operating over large scales, the solution tends to

1



CHAPTER 1. INTRODUCTION 2

Figure 1.1: Images of the same place taken at different seasons highlighting the chal-

lenge of place recognition in the context of extreme changes in visual appearance.

Image Credits: visuallocalization.net

Figure 1.2: Images of the same place taken in all four seasons from the Nordland

dataset [3]

diverge in an unbounded fashion as a result of the accumulation of small errors (a.k.a.,

drift) in the estimates of the robot's pose; see Figure 1.3.

To address this problem, the VPR module continuously attempts to match its current

sensor data to previously visited locations. The resultingloop closuresprovide an

important constraint by estimating the globally accumulated error in the robot's pose.

Correcting for this error helps ensure the new sensor data is aligned accurately with the

pre-existing map and that the resultant solution is globally consistent. Without loop

closures, visual SLAM reduces to odometry, leading to the robot interpreting an in�nite

world, exploring new areas inde�nitely [4, 5]. Furthermore, false negative matches will

result in delayed correction of accumulated errors, while false positives will result in

incorrectly merging regions, typically resulting in catastrophic failure of the system [6].

Reliable loop closing is hence both essential and hard. SLAM solutions incorporating

VPR have direct applications in building better and more reliable autonomous navigation

for self-driving cars and Unmanned Ground Vehicles (UGVs), autonomous drones or

Unmanned Aerial Vehicles (UAVs), and other mobile robotics applications in both

indoor and outdoor settings; see Figure 1.4.

Maps constructed through the measurement of local pose changes derived from an

Inertial Navigation System (INS) or Visual Odometry (VO) alone exhibit high accuracy

over short distances but experience drift over larger scales, accumulating signi�cant
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(a) Satellite Imagery (b) GPS (c) VO

Figure 1.3: (a) Trajectory in the Oxford RobotCar dataset [7] overlaid on Satellite

Imagery data (b) Coloured GPS observations showing start (red) and end (yellow) (c)

Map built only using relative pose values derived from Visual Odometry (VO), which

is not globally accurate. Notice the disconnected start and end locations mapped far

away from each other, which are indeed the same. Best viewed zoomed in colour on a

computer screen.

Figure 1.4: Images showing various applications that utilise VPR systems for navigation.

(Top Left) A Honda CR-V �tted with comma.ai openpilot. (Top Right). South Korean

Team KAIST's robot turning a valve in the DARPA Robotics Challenge. (Bottom Left)

Boston Dynamics Robot Spot climbing the stairs. (Bottom Right) An autonomous

sprayer drone from DJI used in agriculture.
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Figure 1.5: Left: Mapping error (red) caused by poor GPS reception in Oxford, where

raw GPS values are shown in cyan. Right: A loss of reception causing signi�cant

positioning error over a large portion of the route [7]. Best viewed zoomed in colour on

a computer screen.

errors; see Figure 1.3. When the Global Positioning System (GPS) measurements are

combined with INS data, the mapping system bene�ts from the high-rate, precise INS

measurements for short-term navigation and the global positioning accuracy of GPS for

long-term trajectory and map corrections. Thus, when reliable location estimates are

available as the robot navigates, more accurate maps can be built.

Whilst there have been numerous advancements to increase the precision of GPS

estimates, the Estimated Position Error (EPE) can be signi�cantly elevated — in the

order of hundreds of metres, especially when the GPS receiver has limited visibility

to satellites, for example, when driving a car in a tunnel, heavily forested areas, or in

urban canyons — resulting in a highly inaccurate estimation of location, rendering it

unsuitable for practical use in such situations, as shown in Figure 1.5. Although the

system can be quickly recovered from such situations once better reception is available,

the problem of robot navigation for indoor, marine, underground, and extraterrestrial

applications that cannot leverage GPS positioning remains. Additionally, solving the

place recognition problem using visual cues contributes valuable vision intelligence and

transferable knowledge, which can prove useful for many tasks that rely on vision.

Early VPR approaches to recognising places relied on the detection and description

of corners, or keypoints, in the query image and matching them with a collection of
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reference images to �nd the closest match. While overall variation in brightness can

be modelled using gradients, further variations in scale and rotation can be accounted

for through a myriad of invariant feature descriptors, such as SIFT [8], SURF [9],

BRIEF [10], ORB [11], and AKAZE [12]. These invariant feature descriptors enable

�nding matches between images captured within small time intervals where the images

exhibit slight viewpoint shifts, small illumination changes, etc. As these local feature

descriptors describe only a keypoint or a salient local region in an image, they are

limited to only comparing regions of the image.

Global descriptors, on the other hand, encapsulate the characteristics of an image into

a single, uni�ed vector, providing a representation for the image, describing its overall

structure and content. Local feature descriptors can be aggregated to form a global

feature representation using approaches like Bag of Visual Words (BoVW) [13, 14, 15],

Vector of Locally Aggregated Descriptors (VLAD) [16], and Fisher Vector (FV) [17].

Conversely, global representations that directly describe images holistically, such

as Histogram of Oriented Gradients (HOG) [18] and GIST [19], can also be utilised.

Adopting a holistic approach to building global feature descriptors is more ef�cient for

many applications. This ef�ciency is particularly advantageous in tasks such as object

recognition, scene categorisation, and VPR systems, where the ability to match images

quickly and accurately is crucial.

Although image representations based on handcrafted feature descriptors have been

demonstrated under mild perceptual changes, they are not as robust for matching images

with challenging illumination, weather, seasonal, and viewpoint changes [20], such

as those shown in Figure 1.1 and Figure 1.2. For VPR, this necessitates the ability to

match images despite drastic appearance changes caused by seasons, such as snow on

lawns, trees, and roads, and other changes in the environment, including those affecting

buildings and landmarks. Recent advancements in deep learning have revolutionised

this aspect, enabling the creation of learned descriptors that can capture the salient

elements of the images more comprehensively [21].

As such, learned image descriptors represent a paradigm shift in the �eld of computer

vision by enabling the extraction of a global descriptor directly from the entirety of

an image, eschewing the traditional reliance on prede�ned interest points. Learned

descriptors seek to capture the global characteristics of the image in a single, holistic
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representation in a manner that is both robust and representative of the overall visual

appearance. The synthesis of detection and description into a singular framework

marks a signi�cant advancement in computational ef�ciency and effectiveness within

both VPR approaches and the broader �eld of image analysis. This exempli�es the

overarching trend that scalable, data-driven methods often surpass traditional hand-

crafted solutions [22].

In addition to identifying the �ne and distinct features within an image using

the image descriptor, the capability to comprehend the con�guration of spaces and

categorise the broader scene also plays a crucial role in navigation and mapping tasks.

Scene categorisation is a core computer vision task that classi�es images into prede�ned

categories (e.g., beach, restaurant, or mall) by analysing their overall content, objects,

and spatial layout. Scene categorisation provides contextual information about the scene,

enabling VPR systems to draw higher-level insights about the surrounding environment.

As such, this reasoning about complex and diverse environments to obtain contextual

cues is essential for intelligent systems to predict and interpret ongoing or future events.

Furthermore, such techniques that integrate scene categorisation contribute to the

development of ef�cient hierarchical mapping and localisation methodologies. For

instance, in retrieval tasks, extensive areas of scenes that bear no relevance to the anchor

image can be ef�ciently bypassed. Such an approach not only streamlines the process

of mapping and localisation but also enhances the overall ef�ciency and effectiveness

of VPR systems in navigating and understanding diverse environments.

1.1 Challenges

In this thesis, we address the following challenges associated with visual place recogni-

tion.

C1: Processing public datasets for curating data subsets for training, validation,

and testing: Data-driven methodologies achieve superior performance to handcrafted

approaches by directly modelling the real-world variation exhibited in the large-scale

image datasets. Consequently, this introduces a signi�cant demand for such datasets to

train, validate, and test the resulting models. Although the availability of several publicly

accessible datasets serves to alleviate this dif�culty, successfully utilising these resources
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for VPR tasks requires a detailed understanding of the datasets' characteristics, such as

the environmental conditions they represent, scene diversity, and temporal variations.

Ensuring the relevance and comprehensiveness of the training data is essential, as

they affect the system's robustness and generalisability of the learned techniques.

Furthermore, curating and processing datasets involves analysing and interpreting a

complex array of metadata, which is essential for �ltering and preparing subsets of data

tailored to the training requirements. These requirements pose a challenge, which is

further exacerbated by the lack of interoperability among the Software Development

Kits (SDKs) provided for interacting with these datasets. This incompatibility stems

from a variety of factors, including, but not limited to, the disparate Application

Programming Interface (API) designs that govern access to the datasets, the use of

different programming languages across SDKs, and differences in the data capture and

recording conventions used.

C2: Developing and re�ning learned representations for VPR under challeng-

ing conditions: The curated data serves as the foundation for constructing a model

capable of generating robust image representations. Training such models involves

an optimisation challenge with two distinct objectives. First, the model must remain

invariant to variations in illumination (e.g., changes in time of day, seasons, and weather

conditions) and dynamic environmental factors (e.g., vegetation changes and the pres-

ence of non-static objects such as pedestrians, vehicles, and trash bins). Second, it

must retain the capacity to distinctly represent images from physically disparate lo-

cations, ensuring accurate place recognition and localisation. Using existing training

methodologies to train a VPR model on large sequential image datasets from public

sources that exhibit long-term changes presents two key challenges: (1) the sequential

datasets often include redundant visual content, particularly in scenes where the vehicle

is stationary, such as at intersections or roundabouts, leading to repetitive information;

(2) there is limited viewpoint variance, especially on single carriageway roads, despite

multiple traversals of the same route at different times. These two issues pose con�icting

requirements: the need to reduce redundant data while simultaneously increasing data

diversity to capture varying viewpoints. Furthermore, while pre-building unique positive

and negative image pairs or triplets for each epoch in contrastive learning improves

generalisability, this approach becomes impractical with large datasets, necessitating an

alternative method that can generate data batches on the �y during training. Additional

issues include slow loss convergence, unstable training processes, and the risk of em-
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bedding space collapse or explosion. The challenge, therefore, is to develop a model to

produce robust embeddings that abstract away transient and redundant elements of the

scene while preserving stable, unique features essential for accurate place recognition,

all while addressing the complexities of training on large sequential datasets.

C3: The need for ef�ciently determining scene type to provide context for VPR

tasks: In the domain of autonomous navigation, scene categorisation serves as an impor-

tant building block required to augment capabilities in context-aware object detection,

action recognition, and comprehensive scene understanding. This context provides

a prior for various computer vision tasks, facilitating parametrisation of downstream

processing tasks. In an automotive context, the ability to automatically differentiate

between rural, urban, and suburban settings allows tuning of algorithms to the speci�cs

of the environment, such as adjusting pedestrian detection thresholds, thereby improving

performance and reliability. However, unlike object recognition, scene categorisation

poses unique challenges, as images from different classes often share objects, tex-

tures, and backgrounds, resulting in visual similarity and ambiguity among categories.

Although an alternative approach is to rely on GPS data for contextual cues such as

determining city limits for heightened pedestrian detection, such approaches suffer

from limitations. In particular, it requires a priori labelling of the environment, thereby

necessitating label management and updating to cater for rapid and dynamic develop-

ment around cities and suburban regions. In contrast, determining the scene type in

real-time using on-board sensor measurements eliminates the need for external data

sources. However, such a system must perform this task very ef�ciently and be capable

of realtime operation to meet the demands of practical applications.

C4: Scaling VPR systems to long trajectories: As the scale of the operating envi-

ronment of the robot increases, adopting a simple approach of exhaustively searching

the database for potential matches results in a linear increase in complexity. Several

studies [13, 23] have addressed this issue using indexing techniques, enabling modern

approaches to scale. However, indexing requires additional storage space and can

lead to increased maintenance overhead, as the index must be updated with every data

modi�cation. This necessitates a hierarchical approach that overcomes this limitation

by organising images into a structured format, facilitating the rapid narrowing down

of potential matches. The consequent search space complexity reduction through the

use of hierarchy is crucial for enhancing the ef�ciency of place recognition tasks on

trajectories that span several kilometres, especially in applications requiring real-time



CHAPTER 1. INTRODUCTION 9

or near-real-time performance, such as autonomous driving and robotic navigation.

1.2 Contributions

This thesis addresses the challenges discussed in the previous section through the use

of learned representations for visual place recognition, proposing novel solutions and

methodologies to advance the �eld. Our contributions are delineated as follows:

• In response to Challenge C1, which underscores the dif�culties in harnessing

publicly available datasets, we introduce OdoViz [24], a novel uni�ed framework

to facilitate the ef�cient exploration, visualisation, curation, sampling, and prepa-

ration of datasets and subsets of data from a wide set of public datasets for VPR

research. By enhancing the usability of extensive datasets and facilitating features

to derive standardised data subsets tailored to bespoke requirements, OdoViz

serves as a foundational element for developing robust learned models in VPR.

• Addressing Challenge C2, we detail the development and training of VPR models

that generate robust learned embeddings from images using contrastive losses util-

ising large sequential public datasets. We propose a novel approach of discretising

trajectories into locations (or regions) containing similar images, allowing for

ef�ciently sampling and obtaining of unique triplets during training. We employ

adaptations to the loss function, architecture, and learning rate amenable to bet-

ter loss convergence and to prevent training failures. We aggregate discretised

locations and additionally utilise data augmentation techniques to add viewpoint

variance. We ef�ciently construct training data batches in an online fashion,

eliminating the need to pre-select and prepare triplets before each training epoch,

a process that is computationally expensive. We train our model using online

batches with progressively increasing dif�culty by dynamically selecting chal-

lenging samples from strategically chosen locations during training. Our model

successfully trains and produces embeddings that demonstrate improved retrieval

performance on data with challenging conditions such as seasonal changes and

day-night variations.

• For Challenge C3, we present a novel, highly compute-ef�cient, deep learning-

based approach to scene categorisation utilising Variational Autoencoders (VAEs).
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This approach employs a convolutional VAE to encode images into a multi-

dimensional latent space without explicit object recognition. We train the VAE in

an unsupervised manner on the image reconstruction task utilising large sequen-

tial datasets in order to capture high-level scene information. We propose to use

the disentangled latent features from the encoder as compact, interpretable global

features. We map these features to three scene categories: rural, urban, and subur-

ban, using a light supervised classi�cation head requiring fewer than500 labelled

images. With an inference time of only60¹ s on a consumer-grade desktop with

an i9-9900K and NVIDIA 2080 Ti, our method ef�ciently categorises scenes.

• In tackling Challenge C4, related to the scalability and ef�ciency of VPR systems,

we propose the use of compact learned global descriptors in hierarchical topo-

logical mapping. This approach aggregates similar images into location nodes

using a learned global descriptor, dramatically enhancing the retrieval process's

speed and ef�ciency. Through empirical analysis, we identify and de�ne the

characteristics of an ideal global descriptor supporting hierarchical matching

amenable to scalable and ef�cient visual localisation and present a methodology

for quantifying and contrasting these characteristics. We conduct a comprehen-

sive evaluation of various global descriptors, identifying those that best support

scalable and ef�cient hierarchical matching. The image representations we devel-

oped for scene categorisation emerge as particularly effective while maintaining

the same recall performance in longer trajectories, demonstrating their utility in

hierarchical systems.

1.3 Outline

The thesis is organised as follows:

In the Background chapter, we discuss various solutions proposed to visual place

recognition, beginning with traditional approaches that focus on aggregating local

features to recent learned approaches incorporating semantic, geometric, and topological

information from the scene. We further explore scene categorisation techniques and

their application in scalable and ef�cient hierarchical mapping systems.

In Chapter 3, we provide a comprehensive overview of the foundational elements of
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VPR systems, presenting a thorough examination of the central elements of this research

area. We elaborate on the various datasets that serve as benchmarks for guiding research

and development and providing an objective measure of progress within the domain.

This is followed by an analysis of existing tools developed for the processing, analysis,

and visualisation of these datasets. We further expand on Challenge C1 pertaining

to utilising these tools and datasets to prepare new subsets of data required for VPR

research. We present a new tool, OdoViz, dedicated to odometry visualisation and

processing, involving techniques that aid in curating data for training VPR models. We

then highlight various metrics to measure the effectiveness, reliability, and robustness

of different VPR approaches.

In Chapter 4, utilising datasets created using OdoViz, we explore and evaluate

techniques to generate robust image embeddings addressing objectives mentioned

in C2. We elaborate on building, customising, and tuning data-driven models with

various techniques utilising contrastive learning to output embeddings that implicitly

encode information amenable to place recognition in challenging conditions that involve

moderate to extreme day-night, weather, and seasonal appearance changes. We elaborate

on our novel approach of discretising trajectories into locations containing similar

images to ef�ciently obtain triplets. We then detail the set of techniques and adaptations

proposed to successfully train a VPR model with triplet loss using weakly supervised

data curated from the Oxford RobotCar dataset [7], a large public dataset with over100

traversals of the same route over a period of more than one year.

In Chapter 5, tackling problems posed by Challenge C3, we present a new deep

learning based holistic global descriptor approach utilising VAE that encodes high-level

scene information in a multi-dimensional latent space without explicitly recognising

objects, their semantics, or capturing �ne details. We discuss training the VAE in

an unsupervised fashion on the image reconstruction task and use disentangled latent

variables as global feature descriptors. This is followed by utilising a lightweight

supervised classi�cation head to map these features to the three scene categories: rural,

urban, and suburban. We then present scene categorisation results and show that our

approach is fast for realtime inference and ef�cient with a compact embedding size,

suitable for use as a pretext task in autonomous vehicles.

In Chapter 6, we propose to use compact learned global descriptors in hierarchical

topological mapping of environments to aggregate sequences of images with similar



CHAPTER 1. INTRODUCTION 12

appearance into location nodes, addressing scalability issues described in Challenge

C4. While many learned descriptors with improved retrieval accuracy have been

incorporated into place recognition methods to enhance overall recall, we instead focus

on addressing the challenges of scalability and ef�ciency, in particular, when such

methods are used on longer trajectories. We elaborate on identifying and de�ning the

characteristics of an ideal global descriptor supporting hierarchical matching amenable

to scalable and ef�cient visual localisation through empirical analysis. As part of this,

we also present a methodology for quantifying and contrasting these characteristics.

We then propose the use of compact learned scene descriptors that excel in continuity

and distinctiveness characteristics as an ef�cient and scalable means for hierarchical

topological mapping.

Finally, in Chapter 7, we summarise the contributions of the research presented in

the previous chapters and discuss potential future directions.



Chapter 2

Background

Visual Place Recognition (VPR) systems enable a camera-equipped device to recognise

previously visited places by comparing the visual information captured within images.

Cameras, being a dominant sensor for perception, provide a rich source of data to

carry out a variety of navigation-related tasks. The development of effective image

descriptors is thus critical to VPR systems to facilitate fast, robust, and reliable loop

closure detection. The problem of VPR has been a topic of research focus within

robotics for more than two decades, during which time there have been a number of

technical advances [2].

In this chapter, we introduce basic concepts, terminologies, and methodologies

essential for understanding the subsequent discussions in this thesis. We begin by

exploring what are now considered traditional approaches to the problem based around

handcrafted features. We then cover data-driven approaches, where deep learning

techniques leverage geometric, semantic, and temporal information to improve the

robustness and ef�ciency of VPR systems. We further highlight the works that are

particularly relevant to addressing the challenges of scalably and ef�ciently recognising

places under varying conditions.

Limitations : We note that the structure of the review is designed to provide a

representative and coherent narrative leading up to the research questions of this thesis,

rather than to offer an exhaustive survey. Consequently, particular emphasis has been

placed on approaches and concepts, including learned descriptors and hierarchical

techniques, most pertinent to the scalability, ef�ciency, and robustness challenges

13
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addressed in subsequent chapters.

2.1 Bag of Visual Words Descriptors

Early approaches to image retrieval were heavily in�uenced by the Bag of Words (BoW)

model, originally developed for text-based document retrieval tasks [25]. In what has

become a seminal paper in the �eld, Sivic and Zisserman adapted the technique to visual

data, leading to the development of the Bag of Visual Words (BoVW) approach [13, 14,

15]. In the BoVW method, local feature descriptors are �rst extracted from a large set of

training images and subsequently clustered using the k-means algorithm. The resulting

cluster centres, or means, are treated as feature codewords, collectively forming a

codebook of lengthk . Each image is then encoded as a compactk -dimensional vector,

where the coef�cient of thei th dimension represents the number of descriptors that

correspond to thei th cluster. This encoding effectively generates a histogram that

records the distribution of local feature descriptors across thek clusters. The overall

concept is explained visually in Figure 2.1.

In earlier works, local feature descriptors like SIFT [8] and SURF [9] were used to

construct the reference codebook from a training set during an of�ine phase. In subse-

quent years, the introduction of binary descriptors, such as BRIEF [10], BRISK [26],

ORB [11], FREAK [27], and LDB [28], enabled faster processing and comparison.

Furthermore, [29, 30, 31] bypassed the initial training step and built the codebook

in an incremental manner as the robot explored the environment, allowing for online

applications without the need for pre-built dictionaries.

Image retrieval in this context involves calculating distances between the query

image's BoVW representation and those of the images in the search space, with a

threshold determining the number of similar images retrieved. This approach was

utilised in early Content-Based Image Retrieval (CBIR) systems, where images were

represented as vectors encapsulating feature statistics [32]. This method was adapted

for SLAM systems by continually adding the BoVW representation of the captured

images to a database and querying for similar representations to identify and integrate

loop closures as the system progresses.
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Figure 2.1: Illustration of the BoVW and VLAD concepts and the key differences be-

tween them. VLAD uses more space, a 128-d vector (representing aggregated residuals)

in place of a single number (frequency) for each centroid. However, incorporating �rst-

order feature-codeword statistics provides more distinctive information to classi�ers,

resulting in improved performance when compared to the BoVW image representa-

tion [16].
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2.1.1 TF-IDF and Inverted Index

In Content-Based Image Retrieval (CBIR) systems, the discriminative power of visual

features (words) varies, much like terms in text retrieval systems. The Term Frequency-

Inverse Document Frequency (TF-IDF) framework, widely used in text retrieval, was

adapted and applied to the image domain in [13]. In this framework, images are

represented using a BoVW vector with TF-IDF weighted feature frequencies, marking

a shift from using raw histogram counts. This weighting scheme promotes features that

occur more frequently within the given image and, at the same time, diminishes features

that occur frequently across the training set. For visual data, TF-IDF score is given by:

TF-IDF( f , I ) ÆTF( f , I ) £ IDF( f ) (2.1)

IDF( f ) Ælog
µ

N

n f

¶
(2.2)

where,

I Æimage

f Ælocal feature descriptor (or visual word)

N Ætotal number of images

n f Ænumber of images containingf

TF( f , I ) Æterm frequency, frequency off in I

IDF( f ) Æinverse document frequency

As such, this approach re�nes the traditional histogram-based comparison by in-

corporating TF-IDF scores into the retrieval process, allowing for more discriminative

matching of images in large datasets. To enhance retrieval ef�ciency, inverted indices

were employed, mapping local features (words) to all the images (documents) in which

they appear. As local feature descriptors are computed, the inverted index is updated for

each feature codeword in the codebook. When matching a new image, the system only

compares it to images sharing similar features, signi�cantly speeding up the retrieval

process.

Further to the above, a stop-list, which excludes the top 10% and the bottom 5% of

the descriptors found in the corpus of initial images, was used to reduce the number

of mismatches and the size of the inverted �le while maintaining a suf�cient visual

vocabulary. This process removes the most frequent visual words that occur ubiquitously
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in most images. These visual words generally lack distinguishing characteristics, such

as a patch of sky and a patch of road, analogous to the common words likeis andthe

in text-based information retrieval. Similarly, the least frequent visual words, which

can contain particularly unique patterns or objects that occur only once or twice in the

entire set, are also eliminated, as they do not prove to be helpful in retrieving images.

The performance of this technique, however, degrades as the database grows, making it

more time-consuming to update the inverted index.

Building on the work in [13], [23] introduced a hierarchical approach that organises

the visual vocabulary into a vocabulary tree utilising a tree structure. This approach

supports much larger vocabularies, improving retrieval rates by signi�cantly reducing

the number of images considered during each query. Consequently, this method allows

for ef�cient searches across databases containing millions of images.

2.1.2 VLAD and FV

The BoVW representations often result in sparse encoded vectors, as new images

typically contain descriptors corresponding to only a subset of thek clusters. Selecting

a smallerk can lead to under�tting, limiting the discriminative power of the codebook,

while a largerk may cause over�tting, resulting in very sparse high-dimensional

descriptors. Addressing this issue, advanced encoding methods such as the Vector of

Locally Aggregated Descriptors (VLAD) [16] and the Fisher Vector (FV) [17] store

additional statistics between codewords and local feature descriptors.

VLAD [16] extends the BoVW approach, where for each of thek clusters, the

residuals (vector differences between descriptors and their closest cluster centres) of

image descriptors are accumulated. The128-D1 sums of residuals for thek clusters are

concatenated into a singlek £ 128 dimensional descriptor, which is thenL2 normalised.

Thus, we store �rst-order feature-codeword statistics (i.e., the sum of the difference

between the descriptor and the mean of the corresponding word's cluster) in the VLAD

vector. Figure 2.1 illustrates constructing a VLAD vector for a given query image.

Building on this work, [33, 34] employed soft cluster assignment by assigning

each descriptor multiple centroids weighted by their distance from the descriptor. The

1assuming 128-dimensional feature descriptors are used; e.g., SIFT.
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consequent richer representation of feature statistics and the association with multiple

feature codewords resulted in improved performance in object categorisation and video

retrieval.

The MultiVLAD method proposed in [35], utilises multiple spatial VLAD repre-

sentations to enable the retrieval and localisation of objects that only occupy a small

portion of the image. The image is tiled, and multiple VLAD descriptors are generated

at different scales to overcome the inferior small object retrieval performance of VLAD

compared to BoVW. Furthermore, anL2 intra-normalisation scheme was developed

for VLAD that addresses the problem of burstiness, where a few large components

of the VLAD vector can adversely dominate the similarity computed between VLAD

representations. With this approach, each of the aggregate residual vectors (128-D)

corresponding to one of thek clusters isL2 normalised. This method demonstrated

improved retrieval performance over non-normalised andL2 normalisation applied to

the whole vector.

The Fisher Vector [17, 36], a special and improved case of the general Fisher

kernel [37], represents an image by its deviation from a generative model, typically a

Gaussian Mixture Model (GMM). By encoding the gradients of the log-likelihood with

respect to the GMM parameters, FV captures richer information about the distribution

of local features, including their mean and variance. Thus, FV encodes the �rst- and

second-order feature-codeword statistics in the image representation. A comparative

study of local feature representations reveals that VLAD and FV were found to perform

almost equally well, with FV performing slightly better for larger codebooks [38].

2.1.3 SLAM Implementations

Building on earlier work applying BoW models to images, particularly within the

context of loop closure in SLAM, FAB-MAP [39] presents a learned generative model

for the BoW data and de�nes a probabilistic approach over the BoW representation.

FAB-MAP 2.0 [39] extends this framework by incorporating improvements such as

optimised Cholesky decomposition for faster inference, better scalability, and increased

accuracy. DBoW [40] extended this framework for real-time operation by employing

a combination of FAST keypoints, BRIEF descriptors, and a hierarchical tree-based

vocabulary, combined with an inverted �le structure for ef�cient queries. In all these
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methods, a global BoVW-based image descriptor is computed by aggregating local

features.

To address the challenges posed by illumination variations within environments

and the resulting dif�culties in matching images using keypoint-based descriptors, [41]

introduced the concept of Illumination Invariant Imaging. The approach proposes a

transformation into a colour space that is invariant to changes in illumination, thereby

yielding feature maps robust to alterations induced by different times of the day, shadows,

and lighting conditions. This method enhances the robustness of image matching

processes by signi�cantly reducing the impact of environmental lighting variations,

facilitating more consistent and reliable recognition of visual features across diverse

lighting scenarios.

[42] explores the use of binary descriptors for sequences of images to form binary

codes combined with illumination-invariant techniques described in [41], using an

ef�cient Fast Library for Approximate Nearest Neighbours (FLANN)-based matches to

measure similarity between image sequences. The technique, named ABLE-M (Able for

Binary-appearance Loop-closure Evaluation — Monocular), uses a binary description

and matching method to provide a signi�cant reduction in memory and computational

costs, which is necessary for long-term performance. ABLE-M outperformed WI-

SURF [43], BRIEF-Gist [44], FAB-MAP [39] and SeqSLAM [45] evaluated on the

St Lucia dataset (along the day) [46], Alderley dataset (along the day and night) [45],

CMU-CVG Visual Localisation dataset (along the months) [43], Nordland (along the

seasons) [3, 47].

Although the advances provided by the BoVW and its extensions permitted a

reliance on VPR within SLAM systems, the approach lacks the repeatability and

robustness required to deal with the challenging variability that occurs in natural

scenes caused by different times of the day, weather, lighting, and seasons, as shown

in Figure 1.1.

2.2 Handcrafted Holistic Descriptors

Global descriptors characterise an image holistically by processing the entire image to

produce a singular description. Histograms such as colour histograms or histograms
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of oriented gradients (HOG) [48, 49, 18] provide a compact way of representing an

image and are generally fast to compute. The Pyramid Histogram of Oriented Gradients

(PHOG) [50], an enhancement of the original model, computes histograms for oriented

gradients across different sub-regions of each image.

The Gist descriptor was introduced in [19] as one of the earliest holistic represen-

tations designed to capture the dominant spatial structure of a scene. By applying a

series of Gabor �lters at multiple scales and orientations across the entire image, the

Gist descriptor extracts information related to the spatial frequency content of the scene

and represents the global arrangement of spatial features rather than focussing on local

details. Although initially developed for scene recognition, it has been foundational in

various image processing applications, and its capacity to ef�ciently represent scene

con�gurations led to researchers integrating it with other description techniques.

Building on the ef�ciency of the BRIEF binary descriptor [10], BRIEF-Gist [44]

was proposed to enable fast holistic image description with reduced computational

overhead. In this method, the image is �rst downsampled to a suitable small patch size

(e.g., 60 x 60 pixels), and then the BRIEF descriptor is computed around the centre of

the downsampled image. Alternatively, the image can be divided into patches, and the

BRIEF description of each patch can be stacked to obtain the global descriptor. This

description technique, thus, allows for a very simplistic appearance-based represen-

tation for use in a place recognition system. Similarly, WI-SURF [43] extended the

conventional SURF approach, which typically extracts features from key points, to use

the entire image.

SeqSLAM [45] was developed as a sequence-based algorithm that compared bright-

ness patterns, where it searches for optimal matches within local image sequences. As

such, SeqSLAM does not rely on keypoints or feature extraction methods (like SIFT,

SURF, or ORB) that are common in other image matching and computer vision tasks

and relies on �nding coherent sequences of downsampled image matches instead.

Later, optical �ow-based descriptors such as Optical Flow Moment (OFM) and

Optical Flow Shape Context (OFSC) [51] were introduced to incorporate motion cues.

These descriptors capitalise on the dynamic changes captured by optical �ow �elds,

incorporating statistical attributes from the �ow to uniquely de�ne each location.

Although many of these descriptors have been utilised in various forms of mapping,
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they are less robust to occlusions, strong illumination changes, and variations in view-

point, leading to diminished discriminative capability, especially when compared to the

data-driven approaches introduced over the last decade.

2.3 Learned Descriptors

In the domain of learned image descriptors, two principal backbone architectures have

emerged for feature extraction: Convolutional Neural Networks (CNNs) [52, 53] and

transformers. CNNs extract hierarchical features from images using convolutional

layers, progressively capturing local and global patterns. Transformers, on the other

hand, divide images into patches and utilise self-attention mechanisms to capture both

local features and long-range dependencies across the entire image. In both architectures,

feature extraction is typically followed by pooling or aggregation layers, such as max

pooling and average pooling, or methods like VLAD. These processes condense the

extracted feature maps or patch descriptors into compact global descriptors, which serve

as ef�cient, robust representations for image recognition and other downstream tasks.

Following the compelling results of CNNs over traditional methods in tasks such

as object classi�cation and recognition [54], semantic segmentation [55] and feature

learning [56], researchers have increasingly incorporated semantics and geometry

in addressing the problem of place recognition in challenging conditions. However,

original CNN architectures, such as AlexNet [54], VGGNet [57], and ResNet [58],

proposed for visual tasks such as object recognition, are not directly suitable for place

recognition tasks. Unlike object recognition, which focuses on identifying individual

objects, place recognition requires encoding the broader spatial layout and complex

relationships between elements such as buildings, roads, and their relative positions

within a scene, often under varying appearance conditions and viewpoints. Moreover,

manyoff-the-shelftechniques limit building convolutional networks tailored to solving

speci�c tasks such as object classi�cation and semantic segmentation in an end-to-end

fashion.

Supervised learning requires tens of thousands of labelled training samples. Al-

though it has seen signi�cant success in recent years, the requirement for manual

labelling of such large datasets has served as a signi�cant barrier to progress. For tasks
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like dense semantic segmentation, it is often impractical to account for every object and

to encompass every pixel associated with each object. This task becomes signi�cantly

more time-consuming, as it can take several minutes to label even a single image. To

make the network learn semantics, geometry, illumination, colour, weather, objects,

vegetation, and so on, given the amount of time and tedious manual effort required to

label these features, it is infeasible to label these individually for hundreds of thousands

of images.

2.3.1 Weakly Supervised Techniques

Weakly supervised learning is a machine learning framework where the model is trained

using examples that are only partially annotated or labelled. Unlike supervised training,

for example, in image recognition tasks, where mapping each image to one of the

de�nitive classes is a necessity, in weakly supervised training, it is suf�cient to have

image correspondences to group similar images into pairs, triplets, or quadruplets. This

is well suited for problems like place recognition, where it is not possible to classify

images under a set of prede�ned locations.

Distance metric learning (DML) is a crucial technique in image representation

learning, aimed at optimising the metric used for assessing similarities between images

to support various image-related tasks, including classi�cation, retrieval, and cluster-

ing [59, 60, 61]. The objective of DML is to learn a metric that reduces the distances

between similar images and increases the distances between dissimilar ones, thereby

aligning the metric more closely with semantic similarities. This objective is often

achieved by transforming the feature space to make distances in the transformed space

re�ect the true categories or labels of the images. Deep learning approaches utilise a

range of architectures, including CNNs, fully connected layers, and transformers, to ap-

ply complex, non-linear transformations for feature extraction and metric optimisation.

Such neural networks can be trained using various contrastive losses [62, 63, 64].

FaceNet [63] provided one of the earliest approaches in this area, proposing the

use of a triplet loss to train a CNN on a dataset of human faces, which was then made

to output embeddings for face recognition using image retrieval. Building on top of

this idea, Person ReID [65] proposed a method using batch hard and batch all mining

strategies. Quadruplet Loss [64] further extends this idea to train using quadruplets
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instead of triplets with better retrieval for newly learnt classes (classes that are not

present in the training set), demonstrating an improvement in generalisability.

Adapting such contrastive learning techniques for VPR, [66] introduced a method

to localise a ground vehicle using publicly available satellite imagery as the only prior

knowledge of the environment. This method employs a Siamese CNN to produce

embeddings that are robust to viewpoint and appearance variations and utilises a particle

�lter to eliminate false positives. To train the neural network to generate embeddings,

the pairwise contrastive loss (explained later in Section 2.3.1) between the embeddings

of the image captured from the front camera and its corresponding satellite image is

minimised, updating weights of both branches of the Siamese network independently.

The most notable learned image descriptor technique utilising a contrastive approach

is NetVLAD [67], which reformulated VLAD through the use of a deep learning

architecture, resulting in a CNN-based feature extractor that utilises weak supervision to

learn a distance metric based on the triplet loss. In this method, a VGG [57] based CNN

is employed to extract features utilising a generalised differentiable VLAD aggregation

layer with a soft cluster assignment for end-to-end training. Subsequent extensions to

NetVLAD proposed over the last few years, such as [68, 69, 70, 71], produce patch-level

features and/or capture multi-scale features, demonstrating superior image retrieval

performance.

There have also been improvements to the loss function to enhance the perfor-

mance. For example, [72] introduced a new learning strategy to learn a large margin

in a multi-stage manner while making the learned features more discriminative by

exploiting multiple levels of feature maps. [73] developed an end-to-end top-k preci-

sion optimisable deep neural network by sampling misplaced images along the top-k

nearest neighbour boundary for the loss signal. Consequently, several successful visual

geolocalisation approaches [67, 74, 69, 70, 75, 76] have adopted contrastive loss as a

critical technique, often employing a triplet loss that mainly relies on the mining of

negative examples across the training database.

More recently, CosPlace [77] was introduced for visual geo-localisation, dispensing

with the typical contrastive learning approach that relies on mining negative examples.

Inspired by CosFace [78] and its implementation of the Large Margin Cosine Loss

(LMCL), the training phase is reformulated as a classi�cation task to address the
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scalability limitations of previous methods. CosPlace employs a network architecture

consisting of a conventional CNN backbone followed by Generalised Mean (GeM)

pooling [79] and a fully connected layer with an output dimension of 512. CosPlace

streamlines the process of learning from a large dataset without the need for explicit

mining by splitting the database into classes based on GPS coordinates and headings and

then training on groups of non-adjacent classes. Through these techniques, CosPlace

enables more precise city-wide real-world visual geo-localisation by improving image

retrieval using smaller descriptors.

In our work, we build upon a CNN architecture utilising triplet loss, introducing

various adaptations to facilitate training on large sequential datasets that account for

day-night and seasonal variations.

2.3.2 Sequence-based Techniques

Sequence-based VPR techniques exploit temporal and spatial continuity in image

sequences, improving robustness and accuracy in identifying locations under varying

environmental conditions and viewpoints. While descriptors incorporating temporal

cues have been utilised within the broader �eld of computer vision [80, 81], only a

handful of works have explicitly adopted it for VPR.

[82] proposed a method for robust visual localisation across seasons exploiting net-

work �ows to leverage sequential information to improve the localisation performance

and to maintain several possible trajectory hypotheses in parallel. In this method, a

semi-dense image description based on HOG features as well as global descriptors from

deep CNNs pretrained on ImageNet is used for robust localisation.

[83] introduced an effective VPR method based on a multi-sequence map, em-

ploying a graph-based sequence-to-sequence localisation and a multi-trajectory place

recognition. This approach demonstrated VPR against sequences from different sources:

cars, bikes, street-view imagery from Google Street View, and YouTube videos without

any constraints on shape, length, or visual change of the trajectories.
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2.3.3 Semantics-aware Techniques

Semantic-aware VPR techniques enhance the discriminative capability of the models

by incorporating context and object-level understanding, which potentially aids in

achieving more accurate and stable recognition across diverse and dynamically changing

environments.

In SegMatch [84], objects are segmented from LiDAR point cloud data accumulated

for approximately one second as the vehicle traverses its trajectory, with the 3D object's

description stored along with its semantic label. When a new frame arrives, moving

objects are eliminated using their semantic labels, where the remaining objects are then

compared to those from earlier segments using their 3D descriptors. [20] introduced an

approach to semantics-aware visual localisation under challenging perceptual conditions,

building dense saliency maps describing the scene with regions that are geometrically

stable over large time periods. With this, a heat map was built, associating with each

pixel the probabilities for that region to be geometrically stable.

Local Semantic Tensors (LoST) [85] used output tensors from one of the inter-

mediate convolutional layers,conv5, of a modi�ed version of the dense semantic

segmentation neural network Re�neNet [86]. These tensors were used to compute

a deviation from the mean tensor for three semantic labels (i.e., road, building, and

vegetation), which were then �attened to a vector representation. During the traversal,

the images are mapped to embeddings and are compared with existing embeddings for

potential matches. To avoid false matches as a result of a sudden change in a single

frame, the mean embedding within a window of 15 frames centred around the associated

frame is calculated. The images that have an embedding similarity greater than a de�ned

threshold are further eliminated using keypoint correspondences by matching maxi-

mally activated regions in the feature maps to �nd the �nal loop closing candidate. The

overall place recognition pipeline that uses both the LoST descriptor and the keypoint

correspondence is referred to as LoST-X. LoST-X demonstrates double recall at 100%

precision [85] compared to NetVLAD on the Oxford RobotCar dataset [7].

More recently, Semantic Reinforced Attention Learning Network (SRALNet) [76]

introduced feature embeddings enhanced with task-relevant visual cues. This method

utilises semantic priors and data-driven �ne-tuning to re�ne its inferred attention. The

network introduces an interpretable local weighting scheme designed to suppress mis-
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leading features based on a hierarchical feature distribution, followed by a semantically

constrained initialisation to reinforce the local attention with semantic priors.

Learned semantic techniques in VPR have demonstrated potential to enhance the

accuracy of identifying locations by adding contextually rich, descriptive information

to the visual cues extracted from images. However, these techniques often necessitate

pixel-level dense annotations across extensive image datasets, which are both labour-

intensive and expensive. Moreover, the dependency on densely annotated datasets

restricts the training process to the speci�c images that have been annotated, thereby

limiting both the scalability and generalisability of VPR models trained in such an

environment.

2.3.4 Self Supervised and Unsupervised Techniques

In response to the challenges associated with manual dense data labelling, there has

been a notable shift in recent years towards leveraging less restrictive forms of supervi-

sion. Researchers have increasingly adopted unsupervised and self-supervised learning

paradigms to circumvent the limitations imposed by dense annotation requirements.

Autoencoders [87] laid the groundwork for learning compressed representations of

data without labels by reconstructing the input image. The development of Variational

Autoencoders (VAEs) [88] further advanced the �eld, particularly in applications like

face generation, by learning to model the distribution of data in a latent space and

generating new data samples from this learned distribution. Generative Adversarial

Networks (GANs) [89] marked a turning point with their ability to generate high-quality

images, outperforming other unsupervised generative techniques in terms of the visual

�delity of generated images.

At the same time, Self-Supervised Learning (SSL) began to gain traction and had

been proven more effective in generating robust feature representations without the need

for labelled data [90, 91]. SSL models are capable of learning useful representations

from unlabelled data through contrastive learning or other mechanisms, such as using a

student-teacherframework. Speci�cally, self-supervised learning approaches operate

by creating labels on the �y for a predetermined pretext task, such as predicting parts of

an image that have been intentionally obscured. This method makes ef�cient use of vast
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amounts of unlabelled visual data to learn rich, generalisable feature representations

applicable to tasks outside of the original pretext task. This approach helps to deepen the

model's understanding of basic and intrinsic patterns in visual data, which is crucial for

performing required downstream tasks such as object detection, semantic segmentation,

and image classi�cation.

Early SSL models learned rich data representations by engaging in tasks such as

colourising images [92], predicting missing patches [93], estimating rotation angles [94],

or solving jigsaw puzzles [95]. Although these tasks might appear straightforward to

humans, they require a complex modelling of features, structure, and the occurrences of

various visual elements in the real world. As such, the design of an effective pretext task

often requires substantial domain knowledge, as the task must be suf�ciently challenging

and relevant to encourage the model to develop useful features. Accordingly, these

pretext tasks are capable of effectively training the model to understand and interpret

various types of data, including images, audio, and video [90]. The knowledge acquired

through these pretext tasks is then applied to downstream tasks, where the previously

learned representations are used to perform speci�c applications or solve particular

problems. Over time, self-supervised learning techniques have increasingly narrowed

the performance gap with supervised methods, as evidenced by their competitive results

on ImageNet [96] and COCO [97] benchmarks for image recognition tasks. Noteworthy

SSL techniques include Contrastive Predictive Coding (CPC) [98], Simple Framework

for Contrastive Learning of Visual Representations (SimCLR) [99, 100], Momentum

Contrast (MoCo) [101, 102, 103], and Bootstrap Your Own Latent (BYOL) [104].

CPC uses an autoregressive model to predict future representations in a latent space,

capitalising on the inherent structure of data to learn without explicit labels. SimCLR

advances this approach by using contrastive learning to enhance representation quality,

effectively using data augmentation and a non-linear projection head to improve feature

learning through maximising agreement between different augmented views of the

same image. MoCo builds on these concepts by implementing a dynamic dictionary

of samples and utilising a momentum encoder to ensure consistent representation. It

introduces a queuing system to manage sample consistency and employs a momentum

update strategy to stabilise the representations over time. BYOL, diverging from the

reliance on negative pairs typically used in contrastive learning, employs a dual network

architecture where the online network predicts the representation of a target network

that is updated using a slow-moving average of the online parameters.
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The advent of Vision Transformer (ViT)-based architectures like DINO v2 [105]

further exempli�es this trend. These models utilise self-attention blocks within the

transformer backbone to extract relevant features without explicit supervision. Very

recently, AnyLoc[106] demonstrated a versatile VPR technique that works across a

broad range of structured and unstructured environments without any retraining or �ne-

tuning. Features are extracted from intermediate layers across a pretrained DINO v2

ViT backbone, aggregated using a GeM or VLAD layer, and the global descriptors are

projected using PCA. As such, this evolution towards scalable and broadly applicable

models marks a signi�cant advancement in the �eld of computer vision. Although

transformers have proven to be highly effective for various computer vision tasks,

their computational complexity remains a challenge, especially in resource-constrained

environments such as for use in automotive applications.

In our work, we utilise a VAE-based architecture to learn robust scene features in an

unsupervised manner from public datasets for scene categorisation in driving scenarios.

Although VAEs may face challenges in reconstructing detailed features in images and

can produce lower-quality reconstructions, we leverage their robust capability to capture

the essential high-level features that are critical for effective scene categorisation.

2.4 Scalable and Ef�cient Approaches

Encoding an image as a single feature vector of predetermined dimension via the

aforementioned learned global descriptor techniques necessitates conducting a com-

prehensive search across all encoded images to locate the nearest match for a query

image using a similarity metric. Hence, the search duration increases linearly with the

expansion of the image repository in the map. In the context of lifelong learning and

multi-session SLAM, this linear increase in search time associated with loop closure de-

tection can pose signi�cant challenges. As the robot navigates and accumulates images

over multiple sessions or extended periods, the resultant growth in the image database

leads to progressively longer search times for loop closure detection. This scalability

issue not only impairs the system's real-time operational capability but also limits the

practicality of such systems in dynamic environments where ef�cient processing is

paramount.
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2.4.1 Indexing and Hierarchical Techniques

A crucial strategy for mitigating the time complexity associated with this process is the

application of indexing techniques. The seminal work of [13] introduced an approach to

search viewpoint invariant region descriptors using inverted �le systems and document

rankings similar to the ones used in text retrieval systems, as we described earlier in

Section 2.1. Extending these foundational insights, [23] further re�ned the approach by

developing indexing strategies for descriptors derived from local image regions.

The performance of the retrieval process can be markedly improved by employing

selective search strategies based on speci�c scene categories. For instance, when

presented with a query image featuring multiple high-rise buildings, it is advantageous

to exclude rural regions from the search. This targeted approach prevents unnecessary

examination of irrelevant areas, thereby optimising the search ef�ciency. A hierarchical

representation of the environment, where images that present a similar appearance

are grouped together in nodes, can signi�cantly reduce the search space when �nding

similar places. As such, the hierarchy helps accelerate the retrieval process by skipping

multiple nodes that are not relevant altogether.

2.4.2 Scalable Map Representations

Robot environmental maps captured using cameras are generally modelled using two

representations: metric and topological. Metric representations, which de�ne the

geometry of the environment through quantitative dimensions such as distances and

angles, are commonly employed in many robotic mapping applications. Thus, metric

maps represent the world as accurately as possible, wherein the objects or keypoints

are placed with precise coordinates. Many leading approaches rely on estimating

correspondences between 2D keypoints in the query and 3D points in a sparse model

using local descriptors. In this regime, [107] and [108] are considered state-of-the-art

approaches in terms of accuracy when utilising handcrafted local features. A hierarchical

localisation approach, HFNet [109], employs a monolithic CNN that simultaneously

predicts local features and global descriptors for accurate 6-DoF localisation. By

leveraging learned descriptors, strong localisation robustness across large variations

of appearance was achieved. Metric maps are sensitive to noise, as they retain a
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large amount of information about the environment, such as distances, measures, or

sizes. Furthermore, these metric maps are more dif�cult to build and maintain and are

computationally demanding. Consequently, localisation approaches that maintain a full

metric map on a mobile device or robot are often restricted to small-scale environments

due to the high memory requirements. As a result, while metric representations are

valuable for their precision, their practical utility is bounded by constraints related to

computational resources and memory capacity, especially in large-scale or long-term

deployment scenarios.

On the other hand, topological maps model the environment using higher-order

objects and their relationships using graphs, in which the nodes represent objects or

places and edges correspond to the paths. These maps are simple and compact, scale

better, and require signi�cantly less storage than metric maps. Furthermore, they

facilitate faster processing and ef�cient memory utilisation, making them ideal for

extensive or long-term navigation tasks. There have also been a number of works

suitable for very large-scale mapping and localisation without using an explicit met-

ric representation [110, 39, 45]. To this end, [31] demonstrates a real-time, online,

appearance-based topological SLAM algorithm that leverages the BoVW paradigm

to represent the images and a discrete Bayes �lter to compute the probability of loop

closure. Several other works have been tailored to represent the environment discretely

using occupancy grids, landmarks, and locations [111, 112, 113]. In a more recent work,

Topomap [114] transforms a sparse feature-based map from a visual SLAM system

into a three-dimensional topological map. [115] introduced a vision-based localisation

approach that learns from the output of LiDAR-based localisation methods. In [116],

the environment is represented with nodes with associated semantic features that are

interconnected using coarse geometric information. We note that some of these methods

are hybrid approaches that incorporate metric information on topological maps or vice

versa to facilitate scalability. Focussed on using topological maps without the use of

metric information, [117] demonstrated localisation using a two-level hierarchy for

faster image retrieval in a topological map. Although such research has shown the po-

tential for hierarchical matching, limited consideration has been given to the suitability

and comparative performance of different feature representations used within these

approaches. In our work, we emphasise utilising topological mapping, incorporating a

hierarchical structure to expedite image retrieval through a selective search strategy.

In summary, in this thesis, we investigate the development of robust learned image
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descriptors to enhance retrieval accuracy and ef�ciency, detailing the training regime

that includes preparing subsets of data for stable contrastive training with a tailored loss

function designed to yield optimal image representations. Furthermore, this research

explores the novel unsupervised VAE-based compact image representations to facilitate

fast and ef�cient scene categorisation, which are subsequently utilised for hierarchical

image mapping and retrieval. We speci�cally target scalability and ef�ciency, aiming to

effectively map and localise within trajectories spanning several kilometres. We seek

to address the challenges of mapping extensive regions by leveraging a hierarchical

framework incorporating the use of learned descriptors to facilitate rapid retrieval over

large distances while maintaining localisation performance.



Chapter 3

VPR Systems: Datasets, Tools and

Metrics

3.1 Introduction

Despite the signi�cant advance in VPR research over the last two decades, state-of-the-

art systems are still challenged by factors including strong �uctuations in illumination,

changes in viewpoints, scene dynamics, variations due to weather and seasons, and the

presence of occlusions. These factors can signi�cantly alter the appearance of a place,

posing a challenge to the system's ability to recognise it reliably.

Among the promising approaches to overcome these challenges are the development

of advanced feature extraction algorithms, the integration of deep learning methodolo-

gies, and the curation of bespoke data subsets for neural network training and evaluation.

A persistent obstacle in VPR research is the complexity of exploring, analysing, and

determining the suitability of publicly available datasets, followed by the challenges of

processing and managing them. Researchers often face dif�culties due to inconsistent

metadata, incompatible Software Development Kits (SDKs), and varying data formats

and standards.

To address these issues, we introduce the �rst contribution of this thesis: a uni�ed

framework and software platform for processing and visualising VPR and odometry

benchmark datasets. This framework, named OdoViz, streamlines the exploration,

32



CHAPTER 3. VPR SYSTEMS: DATASETS, TOOLS AND METRICS 33

analysis, and curation of data from a wide range of public datasets, providing tools for

ef�cient sampling, visualisation, and standardisation. This facilitates the creation of

tailored data subsets for training, validation, and testing, supporting the development of

more robust and generalisable VPR systems. OdoViz has been published asOdoViz:

A 3D Odometry Visualisation and Processing Tool[24] at the 2021 IEEE Intelligent

Transportation Systems Conference (ITSC).

Additionally, we examine the critical aspects of evaluating and benchmarking VPR

systems. We also explore the various datasets that are instrumental in training and

testing these systems, examine the tools that facilitate their development and re�nement,

and discuss the metrics that are essential for assessing their performance. Through this

exploration, we aim to provide a comprehensive overview of the current state of VPR

datasets, processing and visualisation tools, and various evaluation methodologies.

3.2 Datasets

Although the research on autonomous vehicles dates back to the early 1980s [118,

119, 120], the past two decades have witnessed dramatic progress in the �eld. A core

ingredient of this progress has been the use of data-driven and, in particular, deep

learning techniques. In order for these approaches to be possible, multiple research

groups and companies have led signi�cant efforts to collect and release large-scale

annotated datasets. These datasets facilitate the training of new models and approaches

while also providing a means of tracking and benchmarking progress on various research

challenges within the �eld.

The advent of large, annotated general datasets has been instrumental in driving

advancements in computer vision tasks over the last decade. Datasets such as Middle-

bury [121] for stereo and optical �ow evaluation, ImageNet [96] for image classi�cation,

SUN Database [122] for scene recognition, MS COCO [97] for image recognition, de-

tection, and segmentation, PASCAL VOC [123] for object detection and segmentation,

Places [124] for scene and object recognition, and ADE20K [125] for scene parsing and

segmentation have become essential in the development, training, and benchmarking

of various models aimed at solving computer vision tasks. In addition to offering a

diverse array of annotated images for training data-driven models, these datasets also
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serve as benchmarks for gauging progress and comparing methodologies across various

computer vision tasks. These datasets have fundamentally transformed the landscape of

computer vision, enabling signi�cant progress in tasks such as image recognition, object

detection, and face recognition. These datasets, pivotal in training data-driven models,

often present images where a single object is the primary focus against a relatively

uncomplicated background. This simplicity, while bene�cial for speci�c computer

vision tasks, starkly contrasts with the complexity encountered in images captured from

vehicles, which are integral to driving datasets used for VPR.

Images derived from driving contexts are characterised by their dynamic and clut-

tered nature, incorporating multiple objects, vehicles, and pedestrians within complex

scenes. Such images frequently exhibit greater levels of occlusion, where objects of

interest are partially hidden by other elements in the environment, considerably el-

evating the complexity of the scene. This encompasses the differentiation between

dynamic (movable) and static (non-movable) objects, including vehicles, pedestrians,

roads, buildings, and other urban infrastructures. The accurate recognition of previ-

ously visited places, crucial for VPR systems, necessitates the interpretation of intricate

scenes, understanding the underlying semantics, and discerning the spatial relationships

and interactions among diverse elements within a scene.

Furthermore, the varying nature of outdoor environments, characterised by changing

weather conditions, varying lighting, and seasonal transformations, presents unique chal-

lenges that general datasets may not fully encapsulate. Driving datasets, often captured

using mobile robots or vehicles equipped with an array of sensors, are instrumental

in addressing such requirements. In addition to offering video and image sequences,

these datasets often include extensive annotations, including GPS coordinates, vehicle

odometry, and environmental metadata.

Hence, given their importance within VPR research, in the following section we

provide a comprehensive review of several of the more important automotive datasets,

highlighting their distinctive characteristics, evaluating their signi�cance, and discussing

their impact as well as their individual constraints.
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Figure 3.1: New College Dataset [110]

3.2.1 Core Research Datasets

In our research, we leverage these datasets in three primary ways: (1) directly, as

a foundation for training our data-driven models and �ne-tuning them to improve

accuracy and reliability; (2) indirectly, by employing off-the-shelf models that have

been pretrained on these datasets to further our objectives; and (3) for visualisation,

comparative analysis, and preliminary validation and assessment.

3.2.1.1 New College

The New College dataset [110], released in 2008, serves as a foundational resource for

research in robotics and autonomous navigation, focussing on the challenges of place

recognition and mapping. Captured in and around the University of Oxford, two distinct

subsets are presented: the New College and City Centre sequences. The New College

sequence includes 2,146 images captured over a 1.9 km trajectory within the New

College area, featuring several instances of loop closures. The images were obtained

using a camera mounted on a pan-tilt mechanism attached to a robot, programmed to

capture images to the left and right based on odometry every 1.5 metres; see Figure 3.1.

Cameras
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Figure 3.2: St Lucia dataset [46]

• Camera Setup: Single camera on pan-tilt

• Image Format: 640 x 480, JPG

The New College environment, characterised by visually repetitive structures such

as a medieval cloister and a uniform garden wall, thereby testing the system's ability

to handle perceptual aliasing. Conversely, the City Centre subset, encompassing a

2 km loop traversed twice in urban settings with moving elements like vehicles and

pedestrians, calls for the handling of dynamic scenes. These subsets collectively serve as

a testbed for advancing place recognition and mapping techniques in robotics, re�ecting

real-world navigation challenges.

3.2.1.2 St Lucia

The St Lucia [46] dataset is among the early public datasets to capture weeklong

variations at multiple times of the day. Introduced in 2010, it encompasses 10 distinct

sets of data collected over a suburb in St Lucia, Brisbane, driven through a network of

streets. The datasets were captured under consistent sunny weather conditions over a

span of two different periods, each spanning a few days; see Figure 3.2.

Cameras

• Monocular RGB Logitech QuickCam Pro 6000.

• Image Format: 640 x 480 pixels @15Hz JPG.

• Mounted on the windscreen facing forward.

• FOV: 62± horizontal, 48± vertical.
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Sequences

• First 5 sequences captured over 4 days in Aug 2009.

• Remaining 5 sequences captured over 2 days in Sep 2009.

• Duration: 20-25 mins.

• Start times: 8:45am, 10:00am, 12:10pm, 2:10pm, and 3:45pm.

An important aspect of the St Lucia dataset is its focus on a consumer-viable setup

compared to other setups, which might use high-resolution, omni-directional cameras

and custom controls. The dataset emphasises the use of commonly available equipment

to gather data, making it a more accessible and broadly applicable resource for research

and development in VPR and SLAM.

3.2.1.3 KITTI

The KITTI dataset [126] released by the Karlsruhe Institute of Technology (KIT) and

Toyota Technological Institute (TTI) Chicago in 2012 serves as a prominent standard

for evaluating autonomous vehicle systems and robotics. The KITTI Odometry dataset

offers a comprehensive platform for the development and evaluation of algorithms for

tasks such as odometry, localisation, and 3D mapping, which are crucial for autonomous

navigation. The KITTI Odometry dataset is speci�cally tailored for assessing the perfor-

mance of visual odometry algorithms and VPR systems. This dataset was collected in

and around the city of Karlsruhe, Germany, using a standard station waggon �tted with

a range of sensors; see Figure 3.3. The equipment consisted of high-resolution colour

and greyscale stereo cameras, a Velodyne LiDAR scanner, and a GPS/IMU navigation

system. The data was collected under various weather conditions and at different times

of the day to ensure diversity and representativeness. The KITTI Odometry dataset

comprises a series of sequences, each containing synchronised stereo images, LiDAR

point clouds, and ground truth poses obtained from the GPS/IMU system. These se-

quences are divided into training and testing sets, with ground truth available only for

the training set. Ground truth for the evaluation data is withheld for the purpose of

providing public benchmarks.

Cameras:
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Figure 3.3: KITTI dataset [126]

• Two high-resolution colour and greyscale stereo video cameras.

• Resolution: 1241 x 376 pixels @10Hz.

• Mounted on the car's roof at approximately 1.5 metres above ground.

Sequences:

• 22 stereo sequences, with a total length of 39.2 km.

• Split into 11 sequences (00-10) with available ground truth for training.

• 11 sequences (11-21) reserved for testing purposes.

The limited representation of varied landscapes could potentially limit the general-

isability of the results obtained from using this dataset. Additionally, the dataset does

not include challenging weather conditions, such as heavy rain or snow, which are

important factors to consider for autonomous navigation systems operating in different

environments.

3.2.1.4 CMU Visual Localisation

The CMU (Carnegie Mellon University) Visual Localisation dataset [43] marks another

advancement in the �eld of VPR and autonomous navigation, particularly in addressing

the challenges posed by environmental changes across different seasons. Being made

publicly available in 2012, it was developed as part of a broader effort to enhance

real-time topometric localisation capabilities for autonomous vehicles and robotics,



CHAPTER 3. VPR SYSTEMS: DATASETS, TOOLS AND METRICS 39

Figure 3.4: CMU CVG dataset [43]

focussing on the robustness of these systems against the dynamic visual appearance of

environments through the seasons. It includes a comprehensive collection of images

captured across a diverse range of environmental conditions, including various weather

scenarios, times of day, and, most notably, across different seasons. The traversals

were on an 8.5-kilometre circuit, passing through both central and suburban Pittsburgh;

see Figure 3.4. The trip was taken 16 times, with intervals ranging from 2 weeks to 2

months.

Cameras

• Two RGB cameras.

• Image Format: 1024 x 768 pixels, JPG.

• Mounted to the side of an SUV at 45±.

Data collection involved repeated traversals of the same urban and suburban routes

around the Carnegie Mellon University (CMU) campus and the surrounding Pittsburgh

area. The dataset includes images captured during the day and night in clear, cloudy,

and rainy weather and across the distinct visual transformations presented by the four

seasons: spring, summer, fall, and winter, captured over an extended period of 12

months. Consequently, it has become a pivotal benchmark for evaluating the ability of

VPR and SLAM systems to withstand the visual challenges caused by seasonal changes,

leading to signi�cant advancements in algorithmic robustness and adaptability. The
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Figure 3.5: SURF features do not match reliably due to a substantial visual change in

the Freiburg Across Seasons dataset [128].

dataset is no longer accessible1 on the of�cial site2. However, a curated subset of query

and reference images was made available for benchmarking purposes3 [127].

3.2.1.5 Freiburg Across Seasons

The Freiburg Across Seasons Dataset [128] seeks to address the challenge of visual

localisation under extreme perceptual variations. Visual localisation in environments

that undergo signi�cant perceptual changes due to seasonal variations has been identi�ed

as a critical hurdle in the �eld of robotics and autonomous systems. The reliance

on image matching through features like SURF [9] and SIFT [8], while effective

under rotation and scale variations, has proven inadequate under conditions of extreme

perceptual change, as shown in Figure 3.5. Recorded over three distinct periods — May

2012, Winter 2012, and May 2015 — the dataset comprises image sequences obtained

from a car equipped with a forward-facing stereo camera; see Figure 3.6. The recordings

span a cumulative distance of 70 km across Freiburg, Germany, capturing seasonal

variations between summer and winter.

Cameras

• Forward-facing Bumblebee Stereo Camera

• Mounted outside in summer and inside in winter
1At least since 2018 and until the submission date of this thesis
2http://3dvis.ri.cmu.edu/data-sets/localization/
3https://www.visuallocalization.net/datasets/
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Figure 3.6: Freiburg Across Seasons dataset [128]

• Image Format: 1024 x 768 pixels, JPG

Sequences

• May 2012: 6,915 images @1Hz, 10 km trajectory

• Winter 2012: 30,790 images @4Hz, 50 km trajectory

• May 2015: 5,392 images @4Hz, 10 km trajectory

3.2.1.6 Pittsburgh

The Pittsburgh dataset [129, 130], often called the Pitts250k dataset, sources its images

from Google Street View captures of Pittsburgh, employing a method to crop equirect-

angular panoramas into tiles followed by gnomonic projections to create perspective

images; see Figure 3.7. Subsequently, the dataset compiles 254,064 perspective images

derived from 10,586 Street View panoramas. Each panorama, measuring 6,656 by 3,328

pixels, is processed to generate 24 distinct perspective images. The dataset captures

database and query images with a two-year interval; however, there are no noticeable

weather variations.

Image Speci�cations

• Image Format: 640 x 480 pixels, JPG

• Field of View: 60± HFoV across 2 pitch and 12 yaw directions

The ground truth relies on GPS data of Street View panoramas, which often gener-

alise locations to the street's median, introducing a positional accuracy ranging between
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Figure 3.7: Pittsburgh Dataset [130]

7 and 15 metres. The test set, containing 24000 perspective images, was generated from

1000 panoramas randomly selected from 8,999 panoramas of the Google Pittsburgh

Research Data Set. Encompassing different sessions, varying viewpoints, and illumina-

tion changes, the dataset set a high benchmark for evaluating place recognition systems.

Pitts30k, a subset of the larger Pitts250k dataset, facilitates the examination of various

VPR algorithms under a more constrained dataset size while maintaining the diversity

and challenge presented by the broader dataset.

3.2.1.7 Tokyo 24/7

The Tokyo 24/7 dataset [131] presents a relatively large database also derived from

Google Street View imagery. Published in 2015, the database of geo-tagged images

includes 75984 views generated from the original 6332 street-view panoramas and

597744 synthesised views generated at 49812 virtual camera positions; see Figure 3.8.

The test set includes 1125 query images captured using Apple iPhone 5s and Sony

Xperia smartphones, captured at 125 distinct locations, each at 3 different viewing

directions and at 3 different times of day.

Image Speci�cations

• Image Format: 1280 x 960, JPG

• Field of View: 60± HFoV
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Figure 3.8: Tokyo 24/7 Dataset [131]

The dataset was created to evaluate the robustness of image retrieval algorithms un-

der challenging conditions, such as extreme changes in illumination and viewpoint. The

Tokyo 24/7 dataset, along with the Pittsburgh dataset, is commonly used in pretraining

of NetVLAD [67], a popular CNN for contrastive learning.

3.2.1.8 Cityscapes

Cityscapes Dataset [132], which was made publicly available in 2015, provides a

comprehensive suite of high-quality annotated images captured in diverse urban settings

across several European cities. Designed to advance the development of pixel-level and

instance-level semantic labelling, the dataset facilitates the training and evaluation of

semantic segmentation models in interpreting complex urban landscapes; see Figure 3.9.

Cityscapes focuses on urban settings, with annotations from 50 different cities and towns

in and around Germany, captured over several months, showcasing the diverse effects

of different seasons, speci�cally spring, summer, and autumn. It includes over 5,000

�nely annotated images and an additional 20,000 images with coarse annotations. The

dataset is structured to support semantic segmentation of 30 different classes related to

urban navigation, such as roads, vehicles, and pedestrians. It was originally recorded as

video; however, the frames were manually selected to have a large number of dynamic

objects, varying scene layouts, and varying backgrounds.

Image Speci�cations
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