
Mini-Batch VLAD for Visual Place Retrieval

Reem Aljuaidi, Jing Su, Rozenn Dahyot
School of Computer Science and Statistics

Trinity College Dublin
Dublin, Ireland

aljuaidr@tcd.ie, Jing.Su@tcd.ie, Rozenn.Dahyot@tcd.ie

Abstract—This study investigates the visual place re-
trieval of an image query using a geotagged image dataset.
Vector of Locally Aggregated Descriptors (VLAD) is one of
the local features that can be used for image place recognition.
VLAD describes an image by the difference of its local feature
descriptors from an already computed codebook. Generally, a
visual codebook is generated from k-means clustering of the
descriptors. However, the dimensionality of visual features is
not trivial and the computational load of sample distances in
a large image dataset is challenging. In order to design an
accurate image retrieval method with affordable computation
expenses, we propose to use the mini-batch k-means clustering
to compute VLAD descriptor(MB-VLAD). The proposed MB-
VLAD technique shows advantage in retrieval accuracy in
comparison with the state of the art techniques.

Index Terms—feature extraction; content-based image
retrieval; image processing.

I. INTRODUCTION

The availability of images with their geolocations

coupled with additional information (e.g. text, time stamp,

etc.), has led to many applications such as object geo-

localization [1] and flood monitoring [2]. However, many

images are lack of accurate (or any) GPS information - for

instance tweets often include GPS of where people tweet but

pictures posted in a tweet may have no GPS tag. In order to

recover lost GPS information, Bulbul et al. proposed to query

Google street view image database [3]. In general, the pipeline

of recognizing a certain place using a single visual query

has three successive steps. This pipeline can be applied to a

large dataset such as a city scale. First, regions are located in

the query image. Second, descriptors are generated over these

selected regions in order to provide an accurate representation

of the query image. Finally, this representation is matched

over geotagged images in the reference dataset and the GPS

information of the retrieved reference is then retrieved to the

query image.

Local scale invariant feature transform (SIFT) [4]

has been used as powerful features for describing informative

regions of images. SIFT is also robust to photometric and

geometric changes [5], [6]. Therefore, SIFT has an important

role for image retrieval. The Vector of Locally Aggregated

Descriptors (VLAD) [7] have been shown to be powerful

local features for image geo-localization and retrieval. VLAD

represents an image by a single fixed-size vector using K-

means clustering. The issue however with VLAD is the

dimensionality of visual features and the computational load of

sample distances in a large image dataset. We propose instead

to learn VLAD by using mini batch k-means clustering [8]

(MB-VLAD). This paper is organized in the following way:

Section II introduces related works. MB-VLAD is presented

in Section III, and it is assessed experimentally over state of

the art techniques in Section IV-D.

II. RELATED WORK

Image geo-localization can be defined as predicting

the GPS coordinates of a query image using a geotagged

image dataset [9]. Recently, the presence of large scale geo-

tagged image collections enables image retrieval approaches

of transferring geotagged data from a reference dataset to the

query image. Instances of these applications include adding

and refining geotags in image collections [10], [11], naviga-

tions [12], photo editor [13] and 3D reconstruction [14].

With the task of visual place retrieval we aim to find

an estimated location of a query image by selecting the geo-

tagged images capturing the same visual scene in a reference

dataset [10]. This challenge can be approached as an image

retrieval task from a large scale image repository.

Content-based image retrieval (CBIR) differs from

text-based image retrieval (TBIR) in that CBIR uses visual

information as evidence of matching between a query image

and an image repository [15]. In this paper, we study the

problem of using a robust and effective local feature descriptor

against geometric changes for visual place retrieval.

Typically, many of the local features can be extracted

from an input image. However, a main challenge is the

dimensionality of visual features. Computation load of feature

vector matching is overwhelming with raw image feature

vectors. To get a compact representation, high dimensional

local features are first translated into visual words using a

pre-trained visual codebook. Based on the results of this

quantization, local features of an image can be projected

to a fixed-length vector [16], based on Bag-of-Visual-Words
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model [17], VLAD [7], [18], [19], or Fisher Vector [18], [20].

Visual codebook is generated by clustering visual features. For

example, the cluster centers of K-means clustering can be used

as visual words.

Many methods have been proposed to solve the

problem of local feature descriptors in addition to VLAD.

Delhumeau et al. [21] proposed a method to solve the problem

of the accumulative residuals of VLAD. This method helped to

improve retrieval performance by contributing all descriptors

equally to the aggregated residual vector. Arandjelovic et al.

[18] addressed the problem of vocabulary sensitivity. In some

cases, the cluster centers used for VLAD are not consistent

with the dataset when new images are added to the dataset

after initial vocabulary learning. To solve the sensitivity to

the choice of vocabulary, vocabulary adaptation method was

proposed. This method can update the centroids when images

from a different dataset are processed without requiring re-

clustering on the current dataset. In this work, cluster centroids

are updated first to keep consistency and then all VLAD

vectors are re-computed based on new centroids. Results of

this method show significant improvement over the original

VLAD approach. On the other hand, VLAD re-computation

has high computation cost when the collectionâs size increases.

In addition, Eggert et al. [19] proposed hierarchical VLAD

(HVLAD) method, which is the representation of applying

cluster-wise PCA on aggregated residual vectors before con-

catenation.

Among the works of improving local feature de-

scriptors for image geo-localization, Kim et al. [22] propose

PBVLAD as a novel method to locally integrate SIFT features

detected with a MSER blob. The descriptor is called Per-

bundle vector aggregated locally vector (PB-VLAD). The

purpose behind this descriptor is to find a robust local feature

descriptor against geometric and photometric changes. The

idea is describing each maximally stable region (MSER) by a

vector of locally aggregated descriptors (VLAD) on multiple

features detected in the region. As an accumulation of variance

between the descriptors that are allocated to the visual word

and the centroid, a sub-vector of the per-bundle VLAD was

proposed. In fact, this processing takes place on each image

patch, which is time consuming when computing VLAD

descriptors for large datasets.

The basic clustering algorithm for VLAD is k-means

clustering algorithm. The idea behind this algorithm is to select

k (the final clusters number) beforehand. The initial k centroids

are selected randomly. Distance is calculated between each

sample and the centroids. Sample points are assigned to the

most similar class (closest centroid), and then the centroid is

recalculated for each class. After iterations, centroids keeps

stable and each sample is allocated to the closest cluster

centroid [23].

The mini batch k-means algorithm [24] is an alter-

native algorithm of k-means, which divides the data logically

into multiple small batch data subsets. The algorithm here

randomly extracts subsets of data at each training iteration

[23]. In another word, the strategy of the mini batch k-means

is using per-centre learning rates and a stochastic gradient

descent algorithm. It takes one mini batch as an input, which

are random subsets of the whole dataset. Then, the samples

in this mini batch are associated with the nearest centroid: for

every single sample in the mini batch, the allocated centroid

is updated by taking the current mean of the sample and all

former samples allocated to that centroid. Algorithm 1 explains

mini-batch optimization for k-means clustering [25].

In our work, we try to improve local feature descrip-

tors for visual place retrieval by using alternative clustering

algorithm. We adopt mini batch k-means algorithm that was

proposed by Sculley [8], to compute VLAD [7]. Mini batch

k-means algorithm works better on large scale datasets than

the original k-means algorithm by reducing the computation

cost and time for data [23].

Feizolla et al [26] evaluate the performance of k-

means and mini batch k-means clustering for malware detec-

tion purposes. Results of this comparative study of k-means

and mini batch k-means clustering show that the performance

with the mini batch is actually better [26] .

Algorithm 1 Mini batch k-means clustering
Given k, mini-batch size m,iterations t, dataset X
Initialize each c ∈ C with an x picked randomly from X v ← 0
for i = 1→ t do

S ← b
for x← S do

d[x]→ f(C, x) //Cache the center nearest to x
end
for x ∈M do

d[x]← c // Get center for this x temporary
v[c]← v[c] + 1 // Update per-center counts
η ← 1

v[c] // Get per-center learning rate

c← (1− η)c+ ηx // Take gradient step
end

end

III. METHODOLOGY

In this section we introduce the methodologies to

apply mini batch k-means clustering in feature based visual

place recognition. The pipeline of feature-based visual place

recognition entails three stages: First, selecting a single query

image with unknown location as an input. Second, extracting

features using SIFT keypoints. The final stage is to compute

a vector representation using the k centroids to match the

database. Figure 1 depicts the proposed pipeline used in this

paper. The following sections discuss each pipeline stage in

detail.
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Fig. 1: Our proposed pipeline to process a input (query) image.

A. Mini-batch VLAD

Our goal is to retrieve image using parts of an input

image for geo-localization. One challenge of feature learning

is the scale of dataset. In case of learning from a city dataset,

the computational load is very high. Here we propose Mini

Batch Vector of Locally Aggregated Descriptors (MB-VLAD).

The key idea is to aggregate features using a vector with

a fixed-size, and to learn the vocabulary word using mini

batch k-means clustering algorithm. In this way we reduce

computational load and it is still convenient to use standard

distance measures to retrieve relevant images.

The concept of a mini batch k-means algorithm was

proposed by Sculley [8], in two iterated steps. The first step

is to form a mini-batch by taking samples randomly from the

dataset, and then each sample in the mini batch is assigned

to its nearest centroid. In the second step, the centroids are

updated as the mean over its associated samples in the mini

batch. These two steps are then repeated for several iterations.

Please note that, the quality of clustering is affected by the

chosen number of iterations: the more iterations used in the

mini batch k-means algorithm, the better the clustering result

quality is [27].

The original VLAD approach [7] builds a codebook

dictionary C = {c1, c2, . . . , ck} from m � k feature vectors
in the reference dataset. To generate the dictionary, a k-

means clustering algorithm is used. For an image having m
descriptors I = {x1, · · · , xm}, the VLAD coefficient Vi is

computed by accumulation over these descriptors in cluster

ci:

Vi =
∑

x∈I/q(x)=ci

x− ci (1)

where q(x) is the cluster associated with x.

The final VLAD representation is a concatenation

v = {v1, . . . , vi, . . . , vk} followed by L2 normalization v :
v/‖v‖ → ṽ. Thereafter, VLAD encodes feature by computing
the residuals [18], and the residuals are stacked together as

vector v. In this study, we propose to replace the set of
centroids inferred by k-means ci algorithm [8] with cmi the

cluster centers from mini batch k-means. When generating

the dictionary, a mini batch k-means algorithm is applied.

Clustering input data are unnormalized SIFT descriptors be-

fore adding them into mini batches. When the dictionary is

generated, two normalizations are applied to compute the final

VLAD. First, the power law normalization Vu is applied:

for u = {1, . . . ,Kd}, Vu = sign(Vu)|Vu|α [19]. Then L2

normalization is used.

The similarity grouping is performed by distance

measurement. We use Euclidean distance as sample similarity

metric. When searching for the closest VLAD vector, the one

with the lowest Euclidean distance is selected.

The dimension of MBVLAD can be reduced when

searching the nearest neighbor by using principal compo-

nent analysis (PCA). We fit PCA in offline mode, and then

transform all MBVLAD feature vectors in the dataset. PCA

is calculated on subvectors vi that are generated from each

visual word ci. We generate a coarse vocabulary of 128 visual
words(16,384-dimensional MBVLADs raw). Thereafter, some

majors components are used to reduce dimensional VLAD

vectors size using 128 visual words.

IV. EXPERIMENTAL RESULTS

Performance is evaluated using Mean average pre-

cision (mAP), which is the mean of the average precision

scores for each query. We evaluate proposed descriptor MB-

VLAD on Oxford building datasets (Sec. IV-A) and obtain

good mAPs compared to state of the art for uncompressed

descriptors (Sec. IV-B), compressed descriptors (Sec. IV-C).

The robustness of our approach to the choice of centroids is

evaluated in paragraph IV-D.
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A. Dataset

For standalone MB-VLAD descriptor evaluation, the

Oxford building dataset [17] was used. It is usually called as

Oxford 5k. It consists of several image subsets, assembled

together by an image quality measure (mainly the percentage

of represented object visibility) and with each image set

partitions labelled as {good, ok, ugly, bad}. Additional images
placed in query subset served as query test set. However, we
used entire dataset to compute the visual dictionary to get best

possible distribution for the calculation of the cluster centroids

while clustering.

B. On Uncompressed VLAD

In our experiment, we set the maximum number of

iterations over the complete dataset to 100, and the size of the

mini batches m to 500000.

Table I shows the image retrieval performance of

uncompressed VLAD [19] and PB-VLAD [22], HVLAD [19]

and MB-VLAD (our). The VLAD vector size is typically

kxd-dimensional. We use d= 128 in all experiments. The
adapted method has a significant improvement comparing with

other methods in term of improving local features descriptors.

Comparing with PB-VLAD our method increases the retrieval

performance for image geo-localization by 11%. Figure 3

shows examples of our successful retrieval images with high

accuracy (true-retrievals / total-images).

TABLE I: Comparison of the mean Average Precision (mAP)

performance of several (uncompressed) VLAD signatures

evaluated on the Oxford dataset.

Descriptor # Vocabulary mAP

VLAD [19] 128 0.33
PB-VLAD [22] 128 0.36
HVLAD [19] 128 0.40
MB-VLAD(Our) 128 0.47

Figure 2 is showing the mAP in a graphical form.

The greater the area under the curve, the higher is the reported

mAP metric. The curve is generated by applying step-by-step

thresholding of the prediction scores. The overall mAP score

is 0.47 when we calculate Precision-Recall curve. The mini

batches algorithm is more robust to the noise introduced by

random selection of initial centroids, and retrieval performance

is not affected.

C. On PCA compressed VLAD

Table II shows retrieval performance of MB-VLAD

on the Oxford5k dataset, before and after the dimensionality

reduction using PCA (k= 128, 64, 32, 16, 8). MB-VLAD
achieves 0.47, which outperforms other feature selection ap-

proaches in literature.

Fig. 2: Precision-Recall curve for uncompressed VLAD, with

mAP of 0.47.

TABLE II: Retrieval performance of (our) on the Oxford 5k

dataset [17], before and after the dimensionality reduction us-

ing PCA (128 vocabulary size). The performance is measured

by the mean Average Precision (mAP)

Full PCA
16384 8192 4096 2048 1024

PB-VLAD [22] 0.36 0.36 0.33 0.26 0.21
MB-VLAD (our) 0.47 0.44 0.40 0.43 0.39

D. Sensitivity to initial centroids

When the visual dictionary is generated again, the

initial centroids from mini batch k-means algorithm can be

different every time. Table III shows the mAP for five runs,

leading to an average mAP of 0.444 with standard deviation

0.0152. Significant improvement is observed in comparison

with the state of the art (see Tab. I for comparison).

TABLE III: Retrieval performance of (our) after generating

the visual dictionary for five times

Run Times # Vocabulary D mAP

1st 128 16384 0.47

2nd 128 16384 0.44

3rd 128 16384 0.43

4th 128 16384 0.44

5th 128 16384 0.44

V. CONCLUSION

In this paper we address the problem of finding

visual places over city area using a query image. We propose

mini batch VLAD descriptor with the goal of improving
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Fig. 3: Example results (uncompressed MB-VLAD): Query images (left) with different sizes, (right) Top 20 retrieved images

using our proposed MB-VLAD
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the performance of a visual place recognition system, under

challenges of geometric changes. Comparing with the origi-

nal k-means clustering approach, MB-VLAD has significant

accuracy improvement on image retrieval. A key challenge of

k-means algorithm is that clustering output is not deterministic

and it is influenced by choices of initial centroids. From

experiments we find that the mini batch version is more

robust to the randomness of initial cluster centroids as well

as significantly reduce computational load.
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