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Abstract

Autonomous robotics has been the subject of great interest within the research community
over the past few decades. Its applications are wide-spread, ranging from health-care to
manufacturing, goods transportation to home deliveries, site-maintenance to construction,
planetary explorations to rescue operations and many others, including but not limited to
agriculture, defence, commerce, leisure and extreme environments. At the core of robot
autonomy lies the problem of localisation, i.e, knowing where it is and within the robotics
community, this problem is termed as place recognition. Place recognition using only visual
input is termed as Visual Place Recognition (VPR) and refers to the ability of an autonomous
system to recall a previously visited place using only visual input, under changing viewpoint,
illumination and seasonal conditions, and given computational and storage constraints.

This thesis is a collection of 4 inter-linked, mutually-relevant but branching-out topics
within VPR: 1) What makes a place/image worthy for VPR?, 2) How to define a state-of-the-
art in VPR?, 3) Do VPR techniques designed for ground-based platforms extend to aerial
platforms? and 4) Can a handcrafted VPR technique outperform deep-learning-based VPR
techniques? Each of these questions is a dedicated, peer-reviewed chapter in this thesis and
the author attempts to answer these questions to the best of his abilities.

The worthiness of a place essentially refers to the salience and distinctiveness of the
content in the image of this place. This salience is modelled as a framework, namely
memorable-maps, comprising of 3 conjoint criteria: a) Human-memorability of an image, 2)
Staticity and 3) Information content. Because a large number of VPR techniques have been
proposed over the past 10-15 years, and due to the variation of employed VPR datasets and
metrics for evaluation, the correct state-of-the-art remains ambiguous. The author levels this
playing field by deploying 10 contemporary techniques on a common platform and use the
most challenging VPR datasets to provide a holistic performance comparison. This platform
is then extended to aerial place recognition datasets to answer the 3rd question above. Finally,
the author designs a novel, handcrafted, compute-efficient and training-free VPR technique
that outperforms state-of-the-art VPR techniques on 5 different VPR datasets.
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Chapter 1

Introduction

In the words of Nicola Tesla, “In the twenty-�rst century, the robot will take the place which

slave labor occupied in ancient civilization.” The realisation of this quote has crucial impli-

cations for the survival, evolution, comfort and collective growth of the human civilisation.

Robot autonomy is not a dream anymore, but in-fact, we now see real-world examples of

autonomous robotics in the forms of self-driving cars for example. Robot autonomy has now

become even more critical in today's world and the COVID-19 pandemic has proven this

much needed revolution to transform the health-care, transportation, commerce, agriculture

and many other businesses and industries.

To achieve any task autonomously, a mobile robot equipped with some limited sensors

and actuators, needs to be able to plan its motion, execute and control this motion, localise

itself while performing this motion and potentially perform any required manipulation, if

required. Within robotics these are the major domains of research, usually referred to as,

motion planning, robot control, robot localisation and manipulation, respectively. All of these

research domains then branch-out based on the type of sensory input or the combination of

sensory inputs. Researchers working within robotic vision investigate these domains based

on visual information as the primary sensing modality. The author's area of interest and the

scope of this thesis is localisation given only visual input.

This chapter introduces the problem of localisation within autonomous robotics. The

author discusses Visual Place Recognition (VPR) speci�cally, but also relates it to and

distinguishes it from closely related concepts of visual-SLAM, visual-localisation and the

image-correspondence problem. The various challenges within VPR, research gaps, applica-

tions and the theory behind VPR are presented.



2 Introduction

1.1 Background

The ability of a robot to autonomously perform various tasks has been the main focus of

the robotics community over the past few decades. The inherent interest of mankind in this

domain and the sheer amount of applications of robot autonomy has led to a large number of

academic institutions, research groups, industries and entrepreneurs to investigate the various

sub-domains of autonomous robotics. This is evident by the fact that almost every major

university now has a robotics and autonomous systems program in their curriculum.

One of the most investigated application of autonomous robotics has been in self-driving

cars, which has made signi�cant progress over the past 2 decades. Not only have industry

joints like Google, Facebook, Tesla, Uber, Lyft, General Motors, Ford and others have

invested in driver-less cars, but academic institutions like Carnegie Mellon University (CMU),

Stanford, MIT, Harvard, Oxford and others have also designed modi�ed versions of driver-

less cars for research purposes. Additionally, several spin-offs from academia have also

targeted directly or indirectly the self-driving cars industry, for example within UK, Oxbotica

originated from Oxford university, SLAMCore originated from Imperial College London

and Wayve from Cambridge University. There are many other small- and medium-scale

enterprises (SMEs) working in this domain, which have not been mentioned but that continue

to advance the state-of-the-art in autonomous robotics.

Some of the major breakthroughs as seen in the self-driving cars paradigm (or autonomous

robotics in general) have resulted from the DARPA (Defense Advanced Research Projects

Agency) Grand Challenge held in 2004, followed-up in 2005 and then the Urban challenge

held in 2007. The objective was to autonomously traverse a track of a few hundred kilometers

in challenging environments. All the participating cars were fully-autonomous and were

equipped with a range of different sensors including LiDARs, cameras, ultrasonic sensors,

radars and GPS. Figure 1.1 encloses the winners of the competition.

The autonomy of a robot can be broken down into its abilities to perceive, plan and

control a required task. Within perception, a key research challenge is to localise (identify

current robot location) given visual information and usually with no GPS (Global Positioning

System) prior. However, localisation is not the only requirement, because for an autonomous

robot to localise, it needs a map to localise itself within it. Often times, this map is not

available, especially when the underlying problem is related to exploration. Thus, creating a

map of the environment is also an essential element. This problem of simultaneously creating

the map and localising itself within it, is termed as SLAM (Simultaneous Localisation and

Mapping) and has been a major topic of research within the robotic vision community.

However, because any localisation estimates performed within a SLAM system are prone

to errors, which get accumulated over time as the robot explores an environment, there is the
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Fig. 1.1 The winners of the DARPA Grand Challenge 2005 (left) and the DARPA Urban
Challenge 2007 (right) are enclosed here.

need for a mechanism to correct these error drifts. This has been addressed by `loop-closure',

where a robot is required to recall a previously visited place (when it revisits it) in its map

and then correct any error drifts accumulated over time. Within SLAM, the essence of loop-

closure is Visual Place Recognition and it has its corresponding challenges. Both SLAM and

VPR are further discussed in the following 2 sub-sections, respectively.

1.2 Simultaneous Localization and Mapping (SLAM)

Simultaneous Localization and Mapping (SLAM) refers to the ability of a robot to simulta-

neously map an environment and localise itself within it. The existence of a map is crucial

for an autonomous robot due to several applications including path planning, obstacle avoid-

ance and navigation. This map can be built in various forms, including appearance-only,

metric-only, topological and topo-metric maps.

The essence of all of these maps are vertices and edges, where vertices de�ne physical

points in the world and edges de�ne the relations between them. An appearance-only map

contains visual information (either monocular, omni-directional, RGB-D or stereo images) as

the vertices of the map and edges de�ne the topological relation (connectivity) between them.

A metric map (e.g, occupancy grid maps) consists of metrically precise locations/landmarks

as the vertices and edges de�ne the exact metric distance between them. A topological

map contains only the topological relation between edges and does not contain any metric

information about either the vertices or the edges. A topo-metric map, however, contains

metric information about the edges, while the metric information about the vertices is
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unknown. For all of these maps, some level/type of landmark information is extracted from

the environment and associated with the edges of the map.

As the robot navigates through the environment it adds newer landmarks to its map.

However, as it is important for the robot to localise itself within the map (to account for dead-

reckoning errors), it needs to extract transitional relations between the landmarks as it moves

through the map. This extraction of transitional information (e.g, moved 1 meters forward

etc) from co-observed landmarks/features in the map is termed as localisation. Thus, as the

robot moves through the environment, it adds newer information into the map (mapping) and

also localises itself within the map (localisation) simultaneously, achieving SLAM as shown

in Fig. 1.2. When the added information is vision-based and the transitional-information is

extracted using co-observed visual features between consecutive images/sequences, SLAM

becomes visual-SLAM.

Fig. 1.2 An example of a robot creating a map and localising itself within it.

The localisation element of visual-SLAM is visual-localisation (also termed as the image

correspondence problem in computer vision community), which should not be confused

with Visual Place Recognition (VPR). Visual-localisation is not related to the revisiting

of a place as in VPR, but only refers to the extraction of transitional information between

consecutive images for motion estimates. However, because motion estimates extracted

using visual-localisation are prone to errors and these errors accumulate over time due to the

iterative nature of the SLAM mechanism, there is the need for correcting this accumulated
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error. This can be achieved if while exploring, the robot revisits a place/landmark that it had

previously seen, the exact location information of which is already available in the map and

can thus be used to correct errors. When this ability to recognise a previously visited place

is required from a robot equipped with only a camera, Visual Place Recognition becomes

the topic of research and has its own associated challenges, as discussed in the following

sub-section.

1.3 Visual Place Recognition (VPR)

Visual Place Recognition is a key research problem within the computer vision community

and refers to the ability of a system to match images of a place under changing viewpoint

and illumination conditions. This ability to recognise previously visited places has several

applications in various domains. As previously discussed, a major application of VPR is in

loop-closure for SLAM systems [10]. However, VPR is not limited just to SLAM systems

but can also be used for improved representations [11], asset management using aerial

imagery [12], location-re�nement given human-machine interfaces [13], query-expansion

[14], image-search based on visual content [15], 3D-model creation [16] and vehicular

navigation [17].

Fig. 1.3 A block diagram of a typical VPR system is shown here.

The usual architecture of any VPR system is shown in Fig. 1.3. The input of a VPR system

consists of a query image and reference images. A feature encoding block then computes

the feature descriptors of these query and reference images, either using handcrafted feature

encoding techniques or deep-learning-based techniques. Usually, the map (reference images)

is already available and thus the reference images' feature descriptors are pre-computed to

save time. A feature matching technique is then used to match the feature descriptor of a
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query image with those of reference images. This feature matching can be done for all the

reference images (linear search) or for some of the reference images depending upon the

underlying search technique. The best matched image is then selected as the correct place

match. The place matching con�dence is usually associated with the image matching score

(e.g, cosine-matching, L1-matching, L2-matching), such that the 2 images with the highest

matching score are considered to be the most likely place matches.

Fig. 1.4 Examples of places that a VPR system is expected to correctly match.

The objective of an ideal VPR system is to retrieve correct place matches under extreme

viewpoint, illumination, weather and seasonal variations as shown in Fig. 1.4, while requiring

minimum computational power and memory storage. Thus, the typical performance metrics

used to estimate the performance of a VPR technique are related to the accuracy and precision

of place matching, feature descriptor encoding time, feature descriptor matching time and

feature descriptor size (in Bytes). The exact details of these metrics are further explained

later in this thesis. The author would also like to clarify some common beginner-level

misconceptions about VPR for the reader of this thesis, as enlisted below.

1. VPR does not necessarily need to be a sub-module of a SLAM system, but can in-fact

be used as the primary localisation system for an autonomous robot [18]. However,

loop-closure for SLAM is one of the major applications for VPR.
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2. While viewpoint-invariance is a key requirement for a VPR system in general, there

are cases where some viewpoint-variance may be required instead of invariance. For

example, when VPR is the primary localisation system, viewpoint-invariance may

actually lead to errors in position estimates.

3. Unlike object-detection or other similar topics in deep-learning for computer vision,

where the number of output classes/labels are constant, the number of classes/places is

usually not constant for VPR and hence an end-to-end classi�er cannot be designed.

However, if the environment/map is �xed and does not need to incorporate new places,

the earlier statement becomes invalid [19].

4. No universal state-of-the-art VPR technique exists in literature and each technique has

its strengths and weaknesses.

5. VPR has matured signi�cantly as a �eld over the past 10-15 years, but there are

still a number of challenges yet to be addressed and it has huge potential for future

research. For example, controllable viewpoint-variance, salience-based ensemble of

VPR techniques, evaluation metric design, application of other deep-learning-based

techniques (transformers, deep reinforcement learning etc.) to VPR and many others.

1.4 Problem Statement and Challenges

Visual Place Recognition contains several interesting research challenges as a domain. This

sub-section identi�es some of the most crucial challenges, which have also been addressed

in the later chapters of this thesis.

1.4.1 Perceptual Aliasing

The baseline requirement of a VPR system is to successfully recognise a previously visited

place, which for a monocular camera-based system essentially translates to matching the

visual content in multiple RGB images. Without any geographical prior, matching of images

that come from semantically similar areas (e.g, different road crossings at night time, different

car parkings at noon, natural scenery etc.) can be very challenging, because 2 images of

geographically different car parks at noon may have more in common than 2 images of the

same car park at noon and midnight times. This problem of different places that look similar

under certain conditions, is usually termed as perceptual aliasing.

Aliasing in general is the result of lack of suf�cient information to distinguish two

models/functions/data from each other, and in RGB-based VPR refers to the lack of semantic
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context, lack of geographical prior and depth information of the scene. Fig. 1.5 presents

this challenge visually. Chapter 3 of this thesis is dedicated to addressing this challenge of

perceptual aliasing.

Fig. 1.5 (a) Places that are geographically similar may look very different, while (b) places
that are geographically different may look very similar. Images are taken from GardensPoint
dataset [1] and ESSEX3IN1 dataset [2].

1.4.2 Viewpoint and Conditional Variations

One of the most commonly attributed challenges for VPR systems is the extreme viewpoint

and conditional variations that a VPR system may be required to handle. The viewpoint

variation could be lateral/2D (2-Dimensional) as for cars changing lanes, 3D for human-like

motion and/or 6-DOF (Degrees-of-Freedom) for aerial platforms. Each of these variations

has its associated challenges and different VPR techniques have varying levels of invariance

to these viewpoint variations. Examples of these variations are shown in Fig. 1.6.
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Fig. 1.6 Different types of viewpoint changes that a VPR system may be required to handle.
Images are taken from GardensPoint dataset [1], Berlin Halenseestrasse dataset [3] and
ESSEX3IN1 dataset [2].

Conditional variations, on the other hand, could results from changes in times of the day,

weather conditions or seasonal changes. Fig. 1.7 show some of the challenges presented by

conditional variations to VPR systems. Chapter 6 of this thesis is dedicated to addressing

this challenge of perceptual aliasing.

1.4.3 Computational and Storage Needs

While successfully matching different places under changing viewpoints and conditions

remains the top requirement from a VPR system, computational and storage needs should

also be considered to re�ect the practical deployment of a VPR technique. The performance

of a VPR system in real-time depends on its feature encoding time and descriptor matching

time; the higher these timings, the lesser the deployment practicality of the technique on

a resource-constrained platform. Additionally, because the feature descriptors computed

by a VPR technique are iteratively stored in the map as the robot explores an environment,

memory footprint also becomes an important criterion. Storage requirements scale linearly

with the number of images in the map, thus, lower memory footprint is desirable for VPR

techniques. Chapter 6 of this thesis is dedicated to addressing this challenge of perceptual

aliasing.
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Fig. 1.7 Different types of conditional changes that a VPR system may be required to handle.
Images are taken from Nordland dataset [4], GardensPoint dataset [1] and SPEDTest dataset
[3], respectively.

1.4.4 Establishing State-of-the-Art Technique

One of the major challenges that was identi�ed and the author attempted to address through

this thesis (Chapter 4 and 5), is that of establishing which VPR technique out of the many

proposed over the past 15-20 years is state-of-the-art. This problem arises due to the

apparent zoo of VPR techniques, datasets and evaluation metrics available for VPR evaluation.

As a result, this makes comparison between different VPR techniques dif�cult, as some

datasets may or may not have a particular challenge. Moreover, the limited comparison with

contemporary VPR techniques leads to ambiguity of the correct state-of-the-art technique.

We show in Fig. 1.8 in a chronological order, the matching performance of various VPR

techniques. It is clear that the variation trends in between techniques and datasets is not as

expected and therefore, there is a need to evaluate the contemporary VPR techniques on a

common platform.

1.5 Thesis Contributions

The contributions of this thesis expand around addressing the challenges and limitations as

identi�ed in sub-section 1.4. These can be primarily broken down into the below few points.
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Fig. 1.8 The matching performance of VPR techniques is presented in a chronological order
to re�ect the ambiguity in establishing a state-of-the-art VPR technique.

1. The �rst contribution of this work is a framework designed to estimate perceptual

aliasing for VPR. This framework, namely `Memorable Maps', attempts to classify

images based on the salience of their content and therefore, potentially enables the

prediction of false-positives. The ef�cacy of this framework is evaluated on challenging

VPR datasets and a performance boost is reported for a number of contemporary VPR

techniques, when used in conjunction with our framework.

2. The second contribution of this work is an extensive evaluation of10state-of-the-art

VPR techniques on some of the most challenging VPR datasets. This evaluation is

performed on a common platform and different evaluation metrics are used to report

the performance on a levelled playing �eld.

3. The third contribution of this work is the analysis of VPR state-of-the-art for aerial

platforms. Such aerial platforms have 6 Degrees-of-Freedom (DOF), which makes the

viewpoint-invariance element of VPR techniques very challenging. We provide several

useful insights into this area.

4. The fourth contribution of this work is a novel, handcrafted, training-free VPR tech-

nique that achieves state-of-the-art place matching performance per compute unit

against10VPR techniques on5 challenging VPR datasets. This technique uses regions-

of-interest (ROIs) extraction and regional-convolutional matching of Histogram-of-
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Oriented-Gradients (HOG) descriptors to tackle perceptual-aliasing, viewpoint and

conditional variations.

1.6 Thesis Structure

The rest of the thesis is divided into the following 6 chapters:

In Chapter 2, we provide a detailed literature review of the existing research in the

domain of Visual Place Recognition, but also in the closely related topics of SLAM, image

matching and semantic mapping.

In Chapter 3, we present a cognition-inspired agnostic framework for building a map

for Visual Place Recognition. This framework draws inspiration from human-memorability,

utilises the traditional image entropy concept and computes the static content in an image;

thereby presenting a tri-folded criteria to assess the memorability of an image for VPR. A

dataset namely ESSEX3IN1 is also created, composed of highly confusing images from

indoor, outdoor and natural scenes for analysis. When used in conjunction with state-of-the-

art VPR methods, the proposed framework provided signi�cant performance boost to these

techniques, as evidenced by results on ESSEX3IN1 and other public datasets.

Chapter 4 builds upon the fact that in recent years there has been signi�cant improvement

in the capability of VPR methods, building on the success of both hand-crafted and learnt

visual features, temporal �ltering and usage of semantic scene information. The wide range

of approaches and the relatively recent growth in interest in the �eld has meant that a wide

range of datasets and assessment methodologies have been proposed, often with a focus only

on precision-recall type metrics, making comparison dif�cult. Therefore, in this chapter,

we present a comprehensive approach to evaluating the performance of 10 state-of-the-art

recently-developed VPR techniques, which utilises three standardized metrics:(a) Matching

Performance b) Matching Time c) Memory Footprint. Together this analysis provides an

up-to-date and widely encompassing snapshot of the various strengths and weaknesses of

contemporary approaches to the VPR problem.

In Chapter 5, we propose that the existing VPR evaluations (including our Chapter

4) are performed for ground-based mobile platforms and cannot be generalized to aerial

platforms. The degree of viewpoint variation experienced by aerial robots is complex,

with their processing power and on-board memory limited by payload size and battery

ratings. Therefore, in this chapter, we collect state-of-the-art VPR techniques that have been

previously evaluated for ground-based platforms and compare them on recently proposed

aerial place recognition datasets with three prime focuses: a) Matching performance b)

Processing power consumption c) Projected memory requirements. This gives a birds-eye
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view of the applicability of contemporary VPR research to aerial robotics and lays down the

the nature of challenges for aerial-VPR.

In Chapter 6, we present a novel, compute-ef�cient and training-free approach based on

Histogram-of-Oriented Gradients (HOG) descriptor for achieving state-of-the-art Performance-

per-Compute-Unit (PCU) in VPR. The inspiration for this approach (namely CoHOG) is

based on the convolutional scanning and regions-based feature extraction employed by Con-

volutional Neural Networks (CNNs). By using image entropy to extract regions-of-interest

(ROI) and regional-convolutional descriptor matching, our technique performs successful

place recognition in changing environments. The author has used viewpoint- and appearance-

variant public VPR datasets to report this matching performance, at lower RAM commitment,

zero training requirements and20 times lesser feature encoding time compared to state-of-

the-art neural networks. The author also discusses the image retrieval time of CoHOG and

the effect of CoHOG's parametric variation on its place matching performance and encoding

time.

Finally in Chapter 7, the author provides his concluding remarks and summarises

the contributions of this thesis. The future directions of research and the limitations in

contributions of this thesis are highlighted.
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Hardware and Systems (AHS) (pp. 285-290). IEEE.

2. Zaffar, M., Ehsan, S., Milford, M. and Maier, K.M., 2020. “Memorable Maps: A

Framework for Re-de�ning Places in Visual Place Recognition”. IEEE Transactions

on Intelligent Transportation Systems.

3. Zaffar, M., Khaliq, A., Ehsan, S., Milford, M. and McDonald-Maier, K., 2019. “Lev-
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Approaches under Changing Conditions”. IEEE International Conference on Robotics

and Automation (ICRA 2019), Workshop on Database Generation and Benchmarking.

4. Zaffar, M., Khaliq, A., Ehsan, S., Milford, M., Alexis, K. and McDonald-Maier, K.,
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Robotics?”. IEEE International Conference on Robotics and Automation (ICRA 2019),

Workshop on Aerial Robotics.
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Changing Environments”. IEEE Robotics and Automation Letters, 5(2), pp.1835-1842.



Chapter 2

Literature Review

This chapter presents a detailed overview of the existing literature within Visual Place Recog-

nition. A breakdown of techniques is performed into feature-less techniques, handcrafted

feature descriptors-based techniques and deep learning-based techniques, which are then

each discussed in depth. Research within domains that are closely related to VPR is also

presented brie�y. The author also presents detailed insights into the datasets and evaluation

metrics available for VPR. In summary, this chapter attempts to provide a strong literature

base for the contributions presented in later chapters, but also covers closely-related research

to provide a good overview for the reader.

2.1 Overview

Visual Place Recognition (VPR) has developed as an independent research domain over the

past 15-20 years, primarily due to its wide-spread applications in various �elds of autonomous

systems, including but not limited to construction, surveying, guidance, agriculture, industry,

mining, transportation, human-machine interfaces and/or any other autonomous system

application that requires localisation estimates. A detailed survey of VPR has been conducted

by Lowry et al. [8], which should serve as a good point of start for any VPR researcher. The

survey of [8] develops the theory behind VPR, how it's related to SLAM and other domains,

the challenges within VPR and future areas of investigation.

While the survey of [8] should be referred to for the theoretical aspects of what a Place is

and how the conceptual understanding of VPR can be broken down; this section attempts to

extensively cover more practical elements of VPR and also tries to bridge the gap between

VPR research performed within the years of 2015 and 2020. The rest of the Chapter is

divided as follows: In sub-section 2.2, the author provides a brief coverage of research works

done within SLAM systems. To set the tone for Chapter 3, we brie�y discuss the research in
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semantic mapping in sub-section 2.4. Next, an extensive review of VPR techniques proposed

to date is presented in sub-section 2.5. The author provides details about the datasets available

for VPR in sub-section 2.6 and their strengths/weaknesses are listed. Finally, a summary of

evaluation metrics utilised for VPR is presented in sub-section 2.7.

Although this thesis presents a literature overview of both SLAM and VPR, a disclosure

is that VPR and SLAM are both different yet similar. VPR can be used as a sub-module

of a SLAM system [8], but a SLAM system can have other methodologies to achieve loop

closure as well [10]. On the other hand, VPR does not necessarily have to be a sub-module

of SLAM, but can also act as an independent primary localisation system [20].

2.2 A Brief Overview of SLAM Research

Simultaneous Localisation and Mapping (SLAM) has been one of the most active �eld of

research within robotics over the past couple of decades. Due to the wide coverage of the

SLAM problem by the robotics community, Cadena et al. [10] presented the most detailed

survey of SLAM systems. This survey paper touches both the software and hardware aspects

of research within SLAM, because SLAM is highly dependent on the sensing modality (or

modalities). The author of this thesis also linked the research between the hardware and

software aspects of SLAM and how they affect the long-term autonomy of the system [21].

The core research goals in SLAM have been ef�cient mapping topologies [22], feature

extraction and matching [23], location estimation [24] and loop closure techniques [25].

Interestingly, research in each of these areas has mostly been fuelled by the underlying sensor

technology. Acoustic sensors are some of the earliest, low-cost, compact, range-measurement

sensors, which have been widely used in solving the SLAM problem. An early imple-

mentation of this is [26]. In [27], the authors show an implementation of Acoustic-SLAM

using moving microphone array and surrounding speakers. Assuming an Omni-directional

acoustic sensor and receiver, [28] presents Echo-SLAM with a co-located microphone and

acoustic source. Using landmarks as nodes of a sensor network, authors in [29] have shown

a range-only SLAM system working in conjunction with sensor networks.

Light Detection and Ranging (LIDAR) has driven a lot of research in range-based SLAM

systems. LIDAR provides depth point-clouds of the environment, as shown in Fig. 2.1, at a

very high latency and resolution. An early work utilising LIDAR in conjunction with Rao-

Blackwellized particle �lters is presented in [30]. Authors in [31] present an approach for

�nding interest regions in the data coming from Laser Sensors. Using occupancy grid-maps

for mapping, [32] shows a scalable SLAM system with full-estimation of 3D pose. In [33],

real-time loop-closure is achieved with a LIDAR.
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Fig. 2.1 A point-cloud map created by a LIDAR scan is enclosed here.

One of the prime sensors used for SLAM is a monocular camera, primarily inspired by its

low-cost, wide-availability, ease-of-use and information quality. The �rst-time a fully capable

SLAM system was demonstrated based on a monocular camera was the pioneer work of

[34]. A real-time SLAM system based on a single camera is also presented in [35]. A SLAM

system resulting from the fusion of monocular cameras and inertial sensors is proposed in

[36]. A comparison of monocular SLAM and Stereo SLAM is presented by authors in [37].

A semantic SLAM system for a monocular camera is proposed in [38]. Other than traditional

monocular cameras, omni-directional cameras have also been used for SLAM due to their

wide �eld-of-view. An early implementation of SLAM with an omni-directional camera can

be observed in [39]. Authors in [40] combine particle �lters with a SIFT feature extractor for

images obtained from Omni-directional camera. An extensive review of SLAM based on

Omni-directional camera is presented by [41].

Depth measuring RGB cameras, in the form of RGB-D sensors and Stereo cameras,

introduced a new dimension to the SLAM problem and have drawn signi�cant interest from

the community due to their similarity with biological visual cognition. Authors in [42],[43]

and [44] present an evaluation of RGB-D SLAM. A real-time, large-scale dense SLAM

system is developed in [45] using RGB-D sensors and an application of RGB-D SLAM

to aerial systems is shown by [46]. While RGB-D cameras are active, power-hungry and
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expensive, stereo cameras are passive, cheaper and closer to biological vision. Authors in

[47], present an implementation of Stereo-SLAM using particle �lters. To perform SLAM

in large indoor and outdoor environments, [48] presents a 6-DOF SLAM using hand-held

stereo camera. Using iterative closest point algorithm, [49] shows a robust 3D stereo camera

SLAM. In [50], the ability of stereo cameras to provide depth information in addition to the

conventional multi-view disparity-based depth calculation is exploited.

Recently, event cameras led to a new branch of SLAM systems, due to their very high

dynamic range, no motion blur and a latency in the order of microseconds. These event

cameras output pixel-level intensity changes instead of standard RGB-frames in a sequential

asynchronous manner. Fig. 2.2 shows the difference between an RGB image and an event

camera image. Parallel Tracking and Mapping (PTAM) [51] is one of the major SLAM

techniques and [52] shows an implementation of PTAM for event cameras. Although event

cameras are an excellent choice for dynamic scenes but in static scenes, they give little-to-no

information. Thus, [53] combines event cameras and monocular cameras to achieve an

ultimate SLAM system. Authors in [54] present a complete continuous-time event-based

SLAM system in conjunction with inertial measurements.

Fig. 2.2 Difference between an RGB image and an event-camera image is shown here, where
the latter only focuses on the dynamics in the image, thereby avoiding redundant static
information. Picture courtesy: Prophesee France.
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2.3 Visual-SLAM, Visual-Localisation and VPR

This brief sub-section attempts to identify the differences between the closely related concepts

and terms of Visual-localisation, Visual-odometry, Visual-SLAM, Visual Place Recognition,

Image Matching and the Correspondence Problem for the clarity of the reader. These terms

are so similar that without any prior knowledge of each of the domains, it is too dif�cult to

distinguish which term may refer to which domain. Because there is a signi�cantly large

literature published in each of these domains, which is out of the scope of this thesis, the

objective of this sub-section is to primarily distinguish between the domains, explain all of

these terms and to provide reference to surveys conducted in each of these domains.

Visual-SLAM refers to a Simultaneous Localisation and Mapping System, where the

source of information is a camera (usually monocular but can also be other variants like

omni-directional, stereo etc.). The objective of a Visual-SLAM system is two-fold: (a) Create

a map of a previously unknown environment, (b) Localise the robot within this map. A

good survey of Visual-SLAM has been presented in [55]. The localisation element is further

sub-divided into 2 categories: (a) Visual-localisation, (b) Visual Place Recognition for loop-

closure. Visual-localisation, which may also be referred to as Visual-odometry estimates the

motion of a robot by using overlapping information between consecutive frames and has been

covered in [56]. While Visual-localisation is an application-speci�c term, Image Matching

or the Correspondence Problem abstracts away the underlying problem for identifying and

locating overlapping information between 2 camera frames. A good discussion about Image

Matching is presented by [57]. Visual Place Recognition (more abstractly Image Retrieval)

is different from each of these problems and refers to identifying a previously visited place

under changing viewpoint and appearance conditions [8]. VPR �nds its major application in

loop-closure for Visual-SLAM systems but also has many other computer vision applications

[20]. Being the main area-of-interest for this thesis, VPR has been discussed in depth in this

literature review in the following sub-sections.

2.4 Semantic Mapping

Semantic mapping refers to the creation of maps where the nodes of the map have a semantic

attribute. This semantic attribute could be based on object classi�ers, scene segmentation,

place salience and any other. In general, semantic mapping techniques for summarizing

a robot's experience are surveyed by Kostavelis et al. [58]. The author's objective in this

thesis is to discuss semantic mapping but with focus on VPR and how semantic mapping is

associated with VPR.



20 Literature Review

VPR requires a pre-known map of the environment in the form of images representing

places. Traditionally, places have been described by camera frames, where a place is selected

from multiple video frames based on either time-step, distance or distinctiveness. Most of

the VPR datasets (discussed in sub-section 2.6) are time-based, as frames are selected given

a �xed FPS (frames per second) rate of a video camera. However, time-based place selection

assumes a constant non-zero speed of the robotic platform and is thus impractical in many

situations. To cater for variable speed, distance-based frame selection is used where a frame

is picked every few metres to represent a new place [59] [60]. Both time- and distance-based

approaches lead to huge database sizes and frequently sample visually identical frames as

different places; thus leading to inaccuracies and impracticality for long-term autonomy.

Different research works have tried to overcome these intrinsic limitations of image

sampling by proposing image selection based on visual distinctiveness. Chapoulie et al. [61]

use a customised algorithm that detects change point for segmentation between different

topological places in both indoor and outdoor scenes. Image sequence partitioning for

creating sparse topological maps is presented by Korrapati et al. [62], where sequences of

images are divided into nodes/places using four descriptors namely GIST, Optical Flow,

Local Feature Mapping and Common-Important Words. In [63], a thematic approach is

adapted to evaluate the novelty of an incoming image by co-relating it with the redundancy

of visual features/topics. Bayesian surprise is adapted with immunity to sensor type, for

extracting landmarks to create a sparse topological map in [64]. Online topic modeling with

visual surprise calculation is done by Girdhar et al. [65] for under-water explorations. An

incremental unsupervised place discovery scheme is adopted by Murphy et al. [66] which

fuses information over time to �nd visually distinct places.

Authors in [67] present both of�ine and online solutions for �nding images that best

summarize a given sequence. The score for every incoming image is related to the difference

of posterior distribution from prior distribution using bayesian surprise or set theoretic

surprise. In [68], coresets are used to pre-cluster input image stream and then topic-based

image representation is used followed with graph-based incremental clustering. A place

detection scheme is proposed by Karaoguz et al. [69] based on bubble-space representation.

A new place is checked for informativeness based on surface deformation and variance in a

time-window of coherent images. The authors in [70] use region proposals in spatio-temporal

context instead of low-level features to represent input frames and then based on region-

adjacency-graph detect visually distinct places. A human-augmented change point detection

scheme is presented by Topp et al. [71] where a change stimuli could either be pointed out

by the robot or its operator. The authors propose the change as a structural ambiguity, which
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can be pointed out either by the robot or a human operator during a guided tour. Detection of

change point is also targeted by Ranganathan [72] with a Bayesian probabilistic model.

One common element to all these works is that they focus on map compression, video seg-

mentation or experience summarisation, but do not discuss if the resulting compressed/summarized

map is actually composed of good matchable images of places. These methods de�ne the

distinctive nature of images based on their visual difference from previously seen images.

Resultingly, such visually different images may come from grassy plains, natural scenery,

dynamic objects or low-textured places leading to poor VPR performance.

2.5 Visual Place Recognition Techniques

This section presents the various VPR techniques that have been proposed over the past

many years. These techniques have been further sub-classi�ed based on their prominent

technology/mechanism.

2.5.1 Feature-less VPR Techniques

VPR essentially unravels into an image matching problem, where the objective is to dis-

tinguish images of the same place from images of different places. Under no viewpoint

and conditional variations, VPR is a straight-forward process of matching the pixel-level

intensities e.g, by using Sum-of-Absolute-Differences (SAD) on grayscale or RGB images.

This, however, is almost never the case, because revisiting a place always has some level of

viewpoint and/or conditional variation, and there is the need to have a mechanism where

these variations can be handled.

If there is no conditional variation and only lateral (perpendicular to the axis of movement)

viewpoint variation is present, it may still be possible to achieve VPR by segmenting the

query and reference images into multiple crops and using an All-to-All matching (SAD) of

these crops to achieve some level of viewpoint invariance. These rather simplistic approaches

do not work well in real-world because there is always some sort of conditional variation

resulting from different times of the day, different seasons and weather conditions and/or

dynamic objects. However, Milford et al. (SeqSLAM [5]) showed that it is still possible to

use feature-less VPR for handling conditional variations by using sequence of images even

under challenging day-to-night and extreme weather conditions. This sequential matching is

implemented as a confusion matrix of templates as shown in Fig. 2.3, which are then searched

across at different angles for prospective `sequence' matches. The original SeqSLAM

algorithm did not accommodate variable speed of the robot platform, so Pepperell et al.
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[59] extended SeqSLAM by accommodating odometry information and employing sky

�ltering in SMART. This was further extended to show the effects of various parameters

in [73]. A detailed analysis of the various parameters of SeqSLAM has been shown in

[74], where the author performs stress testing of the SeqSLAM algorithm. An open-source

detailed toolbox based on SeqSLAM is presented in [75]. This sequence-based VPR is

then combined with a biologically-inspired SLAM system (RAT-SLAM) in [76]. More

recently, a sequence-inspired approach is presented in [77], where change across sequence is

used for descriptor computation, namely delta-descriptors. In general, these sequence-based

feature-less techniques do not perform well under signi�cant conditional variations and

especially under viewpoint variations. Therefore, viewpoint- and condition-invariant feature

extraction, description and matching have been the key areas of research within SLAM, as

discussed in the following sub-sections.

Fig. 2.3 The sequential matching of templates, followed by local contrast enhancement as in
SeqSLAM is enclosed here. Darker shades mean stronger matches. Figure taken from [5].

2.5.2 Handcrafted VPR Techniques

The traditional computer vision research which usually refers to the pre-deep-learning era

(generally pre-2012) was focused on designing handcrafted feature descriptors that were
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resilient to viewpoint and conditional variations. These descriptors were not designed

speci�cally for any particular task such as VPR, but were general purpose and found usage

in almost all computer vision applications, including object-detection, pose-estimation,

localisation, structure-from-motion, scene segmentation and many others. The viewpoint and

conditional invariance requirements for handcrafted feature descriptors actually lead to two

separate classes of descriptors: local feature descriptors and global feature descriptors, as

visually differentiated in Fig. 2.4.

Scale Invariant Feature Transform (SIFT [78]) and Speeded Up Robust Features (SURF

[6]) are two of the most widely used local descriptors. These local techniques extract

keypoints from an image, describe these keypoints by an underlying low-level gradient-based

descriptors. They have been applied to the VPR problem in [79] [80] [81] [82] [83]. FAB-

MAP (Frequent Appearance Based Mapping [84]) is a probabilistic visual-SLAM algorithm

that represents places as visual words and uses SURF as the underlying interest point

detector. An open-source implementation of FAB-MAP is presented in [85]. Furthermore, an

extension to FAB-MAP is presented by utilising odometry information in CAT-SLAM [86].

Center Surround Extremas for real-time feature detection and matching (CenSurE [87]) has

been used for VPR in [88]. FAST [89] is a high-speed corner detector for real-time image

processing that has been used for SLAM by Mei et al. [90], coupled with SIFT descriptor.

One common drawback to all these keypoint based approaches is the extensive matching

requirements, which has been addressed by Bag of visual Words (BoW [91]) approach.

BoW collects visually similar features in dedicated bins (pre-de�ned or learned by training

a visual-dictionary) without topological consideration, enabling direct matching of BoW

descriptors. Different research works have used BoW for VPR, including [92] [93] [94]

[95]. While local feature descriptors have viewpoint invariance, they suffer from conditional

changes as there is no underlying mechanism to handle this.

Global feature descriptors like Gist [7] use Gabor �lters to create the signature of an entire

image and have been used for VPR with panaromic images by Murillo et al. [96] and Singh

et al. [97]. BRIEF [98] descriptor due to its lower encoding requirements and faster matching

time is combined with Gist by Sünderhauf et al. [99] to perform large scale visual-SLAM.

Whole-Image SURF (WI-SURF) is a global variant of SURF and has been used for visual

localization by Badino et al. [100]. McManus et al. [101] have proposed an approach where

scene signatures are extracted and described by dedicated HOG descriptors. Global feature

descriptors can handle moderate illumination changes by normalisation-techniques because

the change is usually uniform and global, however, suffer from all levels of viewpoint change.
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