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Abstract
The use of visual place recognition (VPR) to identify approximate geographical locations from

land-based imagery has seen great success in recent history, generally methods of performing

VPR work by converting images into a set of representative feature descriptors which can

then be compared mathematically to determine a closest match. Originally, these descriptors

were generated using hand-crafted methods such as Scale Invariant Feature Transform (SIFT),

however in more recent years we have seen the development of Deep VPR, extending the

methodology to use outputs from Convolutional Neural Networks (CNN) as the basis for fea-

ture descriptors instead, an idea that has lead to the development of multiple state-of-the-art

methods in the last decade. However, almost all of these works are focused on land-based

imagery exclusively which makes sense given that one of the biggest motivators behind the

development of Deep VPR is assisting in the navigation of autonomous cars and robots. Our

work seeks to test the viability of Deep VPR for Shoreline Imagery for the purpose of sea vessel

navigation, where images still contain nearby land features from the visible shoreline but are

taken from a vessel out on the water thus introducing a drastically different perspective from

the types of images most state-of-the-art Deep VPR models have been trained and evaluated

on.

In this thesis we provide a new in-house dataset containing images generated form several

recordings of travels across the Plymouth Sound, UK over multiple days during March and

April 2022 provided by a mounted camera system placed on the IBM/Promare Mayflower

Autonomous Ship. This dataset forms our benchmark for evaluating Deep VPR performance

on Shoreline Imagery.

We first show a set of results and insights on our initial application of Deep VPR to shore-

line imagery and compare these to traditional land-based locational imagery. Using a novel

image salience technique to highlight what specific key features in each of the two categories

our CNN architecture is picking up on. As this work was carried out during COVID our in-

house dataset could not be generated at the time and as such the Symphony Lake dataset whose
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images are somewhat shoreline-adjacent is used as a stand-in.

Secondly, with our in-house dataset then available, we carry out a series of experiments

based around the modification of a state-of-the-art Deep VPR pipeline in order to exploit salient

feature regions in Shoreline Imagery, as well as tackle the issue of feature redundancy. Our ex-

periments lead us to a novel domain-specific pipeline that provides new state-of-the-art results

on our in-house dataset.

This pipeline is then used as the basis for a novel human-centered study analysing trust in

Deep VPR for Shoreline imagery; the study is made up of several independent surveys includ-

ing a control survey that simply shows a series of image matching results from the pipeline, a

second survey making use of our previously discussed saliency visualisations to communicate

model feature extraction to the user explicitly, and surveys that allow the user to intervene in

the models decision making directly.

The outcome of this work is to show how Deep VPR translates to the shoreline image

domain, how the features of this domain differ from land-based imagery, and how we can

build pipelines to take advantage of these differences to achieve better results, and how we

can ensure user trust in these Deep VPR pipelines under real-life navigation scenarios using

various human-computer interaction techniques.
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1. Introduction

1.1 Introduction to Problem

In the last decade, the use of autonomous systems for maritime navigation has seen a surge of

interest, with well-established groups such as QinetiQ and the University of Southampton pub-

lishing the “Global Marine Technology Trends 2030” in 2015, which identified autonomous

systems, big data analytics, and human-computer interaction as key technologies to be applied

in the areas of commercial shipping, naval, and ocean spaces [39]. Since 2017, the Maritime

Safety Committee (MSC), a subgroup of the International Maritime Organisation (IMO), has

dedicated itself to guiding the international community on the research and development of

autonomous systems for maritime navigation, with its first acknowledgment of autonomous

systems on their agenda taking place in their 98th session [40], where the term “Maritime Au-

tonomous Surface Ships” (MASS) was defined to refer to all vessels that make use of fully and

semiautomated systems.

To aid this, various Computer Vision methods, a subset of Deep Learning focused on im-

agery, have been developed including collision avoidance [41] and fully automated naviga-

tion [42–44]. The former seeks to use technology to reduce maritime casualties and accidents,

which, as identified by annual studies undertaken by the European Maritime Safety Agency

(EMSA) [45], can result in consequences such as loss of human life, ship damage, and envi-

ronmental pollution. Research into the latter seeks to build a connected system of autonomous

subsystems that can mirror the navigational brain of a ship captain, something that Yan et al.

refer to specifically as the “Navigation Brain System” (NBS).

Our key area of interest, which has not been tackled in previous research, is a Computer

Vision task known as Deep Visual Place Recognition, which can use imagery of a vessel’s

surroundings to retrieve matching examples from a known database, with these matched images

providing previously logged positions to find out where a vessel is currently located without

the need for systems such as GNSS, RADAR or LIDAR.

In this thesis we propose and develop a Waterborne Deep VPR pipeline intended for semi-

autonomous decision support, providing increased vessel safety by providing approximate co-

ordinates during GNSS downtime, such as when access to satellites is prevented or during

more hostile encounters where some malicious actor has purposefully denied a vessel access

to GNSS.
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1.2 Motivations

A major motivation behind autonomous systems for maritime vessels is that of safety, for tasks

such as collision avoidance the safety impacts are very clear, as part of the European Maritime

Safety Agency (EMSA) annual studies between 2014-2022 most fatalities aboard maritime

vessels were found to be a result of collisions, so by preventing these human life is preserved.

However, as seen in the world of autonomous cars, the idea of autonomous navigation in

the mainstream tends to evoke skepticism [46], as people believe that AI could malfunction and

cause accidents themselves. In the area of maritime navigation, Yan et al. [42] believe that by

developing a potential Navigation Brain System through advanced technology to intelligently

guide ships, they can actually become safer, a statement that is not unfounded as additional

findings from the EMSA 2023 annual maritime incidents study found that 59.1% of accident

events were the result of human error.

In addition to avoiding human navigational errors, in our introduction we briefly described

situations in which Deep VPR could aid ships under a GNSS related attack to regain their

correct location. GNSS attacks are unfortunately quite common, as GNSS signals are seen as

easy targets [47], low signal strength makes them easy to block [48] and it is well known that

civil GNSS signals lack encryption.

Two of the most well known GNSS attacks are Jamming and Spoofing [49]. GNSS Jam-

ming involves an attacker sending out high-power radio frequency signals of similar frequency

to the victims GNSS signal receiver, this prevents the victim from receiving authentic GNSS

signals from orbital satellites, inhibiting their ability to navigate using said signals.

Spoofing on the other hand involves the sending of falsified GNSS signals to a victims

receiver device, in order to trick them into believing they are located at a falsified position

transmitted by the spoofer.

GNSS jamming can be countered by having backup systems during periods of attack,

whereas spoofing could be countered by providing an additional reference point to compare

against the vessel’s current GNSS position to ensure consistency, this reference would then be

periodically updated based on the visual surroundings of the vessel.

Finally, our objective is to gain insight into user reliance on Deep VPR systems in a mar-

itime context, studies in the area of autonomous cars have shown that many people are still

distrustful of AI when it comes to navigation [50] and this is still true for autonomous vessels,

usually referred to as Unmanned Surface Vessels (USV) [51].

For USVs specifically, the main concerns are safety and reliability, particularly in terms of
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collision avoidance as although USVs take out the risk of losing personnel on board, losing the

vessel still incurs a significant monetary loss and as such low reliability turns away potential

investors, which in turn slows adoption [52].

In this paper we are not proposing fully autonomous USVs, but rather onboard AI systems

as decision support for non-GNSS based navigation, however, assuming that a user is putting

their faith in our systems to navigate their ships, we are still beholden to ensure safe and reliable

navigation, otherwise we risk the same slowing of adoption of such systems. As such, we will

need to carry out a study to evaluate users willingness to use and rely on our systems in order

to ensure that our research could see real world adoption.

As such, the targets of our user study will include both general AI users as well as a more

specific target group of maritime navigators, as this is who the technology would be aimed at.

1.3 Objectives

Compare existing Deep VPR methods against Waterborne Imagery to identify new

image-domain based challenges

Before heading straight into research and development of Waterborne specific Deep VPR,

I first set out to compare known state-of-the-art Deep VPR methods across regular urban image

domains versus the waterborne image domain. Outside of comparing quantitative performance

in the form of Precision-Recall and Area Under Curve (AUC) statistics, I propose the use of

Explainable AI in the form of image saliency to visually describe what these methods choose

to be the most significant features within each domain such in order to exploit this later on.

Develop a new in-house Waterborne Image set to facilitate the objectives of the paper

At the beginning of this research, there were a low number of datasets fit for evaluating

Deep VPR models in Shoreline localized waterborne areas, with more acceptable examples

such as MaSTr1325 and MODD2 [53, 54] unfortunately being more dedicated to obstacle de-

tection specifically. To specify, a Deep VPR dataset should cover a specified area multiple

times in the form of time separated runs across said area with a focus on local landmarks/-

topology, as Deep VPR models must be able to locate the same places at different points in

time, variance in terms of weather, lighting and obstructions also help to evaluate the models

performance given such challenges.

As such, I worked alongside Marine AI Ltd., a USV development company situated in Ply-

mouth, UK, to capture images from their Mayflower Autonomous Vessel built for IBM/Pro-

mare of the Plymouth Sound area over seven runs to use as a new Deep VPR dataset.
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Develop a novel, waterborne specific Deep VPR model to achieve best performance

on the image domain

With key features and challenges of waterborne imagery identified through performance

comparison and capture via the first two objectives, I develop and experiment with different

novel Deep VPR model variants based off of existing state of the art by making modifica-

tions that exploit waterborne specific features. These include experiments with region proposal

methods for designating image regions for conversion into useful local descriptors and using

semantic segmentation of land features as knowledge prior for a suite of different beneficial

modifications.

Carry out a survey on user reliance on Waterborne Deep VPR

I propose a two branched survey study with both a moderately sized group of anonymous

AI informed users as well as a small group of known manned surface vessel navigators and

operators, the first to measure general willingness to rely on our system when given the re-

sults bare versus examples where human-centered methodologies are applied, specifically with

Explainable AI insight and Human-in-the-loop interactivity respectively.

The second branch with the small group of potential real world end users of this product

will then go over these same sets of results produced by our system, with this moreso being

used as a chance to carry out qualitative post-survey interviews about their thoughts on the

system as a whole, whether or not they would consider adoption and if they believe either of

our chosen human-centered approaches improved their experience and should be included in

future.

1.4 Overview

Deep Visual Place Recognition utilising CNN based image representations has seen great suc-

cess in recent years, surpassing classical hand-crafted techniques on a variety of benchmark

datasets. However, these datasets all fall under a land-based domain, be it roads [55], rail-

ways [56] or indoor scenes [57]. However, as we have discussed Maritime Autonomous Sur-

face Ship research has seen a surge in interest in the last decade, and as such it makes sense

to test the viability of current Deep VPR state-of-the-art models for this domain as there are a

multitude of inherent differences between the imagery taken on land and at sea.

As such, we seek to test the viability of Deep VPR on such imagery, first by applying

state-of-the-art methodology to said images to get a grasp of initial performance; through this

we find current open access image sets surrounding this domain to be somewhat lacking for
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the purpose of Deep VPR training and evaluation. For example, at the beginning of the work

making up our thesis, Symphony Lake [58] was one of the only waterborne datasets able to

facilitate Place Recognition; however, it only covered a large lake area, which does not truly

reflect the conditions one might expect of a larger area of shoreline.

To remedy this, in tandem with Marine AI Plymouth and the IBM/Promare Mayflower

Autonomous Ship, we build a new in-house shoreline image dataset specifically for Deep VPR

captured in Plymouth Sound UK. With this new dataset, we modify and evaluate existing state-

of-the-art Deep VPR architecture with both region proposal techniques as well as other novel

region-based representations in order to maximise performance on what is a much different

type of imagery compared to land-based counterparts. By finding ways of adapting Deep VPR

to this domain, we can take the first steps in creating a Deep Learning tool that can be deployed

onto sea vessels to give an alternative form of navigation to GNSS when it is not available, as

well as acting as a useful reference location to check current vessel GNSS against in order to

detect spoofing. Both of these serve to aid ships by preventing them from navigating outside

of safe operational areas and thereby avoiding maritime incidents.

Beyond the technical aspects, however, is the human element, if AI systems such as Deep

VPR were to be proposed for sea vessels then trust needs to be fostered between the human

user and the AI, we know from studies into autonomous cars that many people are opposed to

the idea of handing navigational control over to AI systems so we believe it is important, even

at this early stage of research into maritime autonomous navigation, to study how users interact

with our proposed architecture and how different results and scenarios effect users willingness

to rely on our AI system.

1.5 Contributions

The main contributions of this study can be seen as follows:

One of The First Evaluations of State-of-the-art Deep VPR on Waterborne Imagery

During 2020-2022, excluding underwater imagery [59], we found that there was very little

to no published research of Deep VPR being applied to waterborne imagery. As a result, our

first publication, “Deep Visual Place Recognition for Waterborne Domains” [60], is likely one

of the first published papers to present the applicability of SoTA to this domain. The work

revealed new visual challenges compared to land-based benchmark datasets including water

obstruction, variable distance form shore, lower atmospheric visibility and less stable camera
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motion. When comparing quantitative performance, we found SoTA Deep VPR could retain

high quality results, our novel explainable AI results also highlighted the types of features in

waterborne imagery that received the most attention from the AI model as opposed to those of

land imagery, giving us clues as to how to optimize performance in this domain.

Creating a New In-House Dataset for Waterborne Deep VPR

In addition to the lack of widespread research on Waterborne Deep VPR, we also found

that during this time there were seemingly no openly available datasets to facilitate training

and evaluation of this task. Most Waterborne datasets were built for other tasks such as object

detection and collision avoidance [53], also, those that could support Deep VPR research were

often more bucolic in nature [58] rather than shoreline. To remedy this, we collaborated with

Marine AI, a company in contact with our stakeholders UKHO, to create a dataset to facilitate

Waterborne Deep VPR using multiple captured runs along the Plymouth Sound taken from the

IB/Promare Mayflower Autonomous Ship.

Creating a Novel Horizon-Based Descriptor Extraction Method

With our in-house dataset, we build upon the insights gathered from our first publica-

tion [60] by developing a novel implementation of the SoTA Deep Visual Place Recognition

pipeline SSM-VPR [5]. Our first strategy was to focus on minimizing redundant feature

extraction while maximizing salient feature extraction, we implemented this using two

different region proposal methods for local descriptor extraction, but found that it was much

more effective to instead have local descriptors be extracted along a relevant semantic edge.

This latter method became the Semantic and Horizon-Based Matching for Visual Place

Recognition (SHM-VPR) model, exploiting the tendency for salient land features to exist

along natural land contours (i.e. The Horizon) and is presented in our second publication [61].

Further Application of Semantic Segmentation masks for Waterborne Deep VPR

In order to gain a more significant performance boost from the Semantic Segmentation

mask used to enable SHM-VPR and offset the segmentation models increase to overall

inference time, we applied two additional segmentation techniques for enhancing Deep VPR

and applied them to the SHM-VPR pipeline to create our Semantically Aware SSM-VPR

pipeline. All methods take the same segmentation input and work independently of one

another, providing different benefits in terms of precision, recall and inference time to create a
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balanced overall improvement.

Analysing User Reliance on Waterborne Deep VPR

Beyond technical contributions, we took inspiration from societal hesitations towards the

adoption of AI based navigation, creating a study to measure user reliance through analysing

themes of trust, confidence and technology dominance in our Deep VPR system as a navi-

gational decision-support tool. The study revolves around the novel idea of measuring user

attitudes toward Deep VPR while having access to different levels of human-centered tech-

niques. This idea spawned three individual study arms including no interaction, explainable

AI through image saliency and Human-in-The-Loop interaction. To promote a varied set of

results, each arm presents examples of different ground truth levels along with different sce-

narios. To add additional validity and extract deeper insights, we also present our survey to five

waterborne navigation domain experts and carry out a qualitative interview with each.

1.6 Publications

The work in this thesis has contributed to several publications. The key contributions of each

paper related to the main body of work are as follows:

L. Thomas, M. Edwards, A. Capsey, A. Rahat and M. Roach: Deep Visual Place

Recognition for Waterborne Domains

An Introduction of Deep VPR to Marine Images or “Waterborne Domain” with Perfor-

mance and Explainable Visualization Analysis. Contributes to Chapter 5.

L. Thomas, M. Roach, A. Capsey, A. Rahat and M. Edwards: Semantic and Horizon-

Based Feature Matching for Optimal Deep Visual Place Recognition in Waterborne

Domains

An attempt to optimize Deep VPR on a new in-house shoreline dataset using unsupervised

region proposal and image segmentation. Contributes to Chapter 6.

L. Thomas, M. Roach, A. Capsey, A. Rahat and M. Edwards: Semantically Aware

SSM-VPR for Waterborne Deep VPR

A post-publication providing a large expansion on the incorporation of image segmentation

into Waterborne Deep VPR to optimize performance using a knowledge prior to indicate
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where “useful” features are located. Contributes to Chapter 7.

L. Thomas, M. Roach, A. Capsey, A. Rahat and M. Edwards: Measuring User

Reliance and Technology Dominance in Waterborne Deep VPR With Varying Levels of

Interactivity

A publication covering a survey and interview study tackling user reliance and the domi-

nance of Deep VPR technology when given access to end users. Key themes include using AI

under different scenarios, levels of quality and with additional levels of interactivity via Image

Saliency XAI and novel Human-int-the-loop interaction. Contributes to Chapter 8.

1.7 Outline

Chapter 2 Visual Place Recognition:

We introduce the background to current works in Visual Place Recognition, including

modern and traditional methods for local and global based descriptor generation for VPR

image retrieval.

Chapter 3 Computer Vision Task Backgrounds and Applications for Waterborne Imagery

We cover several key Computer Vision Methods that have historically been used to en-

hance Deep Learning task performance including region proposal, salience and segmen-

tation, particularly within the domain of waterborne imagery.

Chapter 4 Plymouth Sound Dataset:

We present a new in-house dataset containing images from several runs around Ply-

mouth Sound to enable Waterborne Deep VPR training, testing and evaluation, built in

collaboration with the IBM/Promare Mayflower Autonomous Ship.

Chapter 5 Waterborne Deep VPR:

We present one of the first ever works on Waterborne Deep VPR by evaluating and com-

paring state-of-the-art performance on land and water imagery respectively. To highlight

the difference in salient features, we present a novel image saliency technique for Deep

VPR.

Chapter 6 Improvement of Waterborne Deep VPR:
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Building upon Chapter 5, we introduce the in-house shoreline dataset described in Chap-

ter 4, allowing us to provide model evaluation on true shoreline imagery. To achieve

greater performance, we apply both Region Proposal and Image Segmentation tech-

niques to filter out sea and sky pixel information from local descriptor generation.

Chapter 7 Semantic Segmentation based Knowledge priors for Waterborne Deep VPR:

We present an extended and more comprehensive semantically aware pipeline built upon

our findings from Chapter 6, this chapter takes three independent yet complimentary

image segmentation enhancement based techniques and applies them to state-of-the-art

Deep VPR for maximum performance.

Chapter 8 Measuring User Reliance and Technology Dominance in Waterborne Deep VPR

With Varying Levels of Interactivity:

Having created an optimal Waterborne Deep VPR pipeline, we turn our attention to end

users experience with said technology. In particular, we analyse user reliance and tech-

nology dominance when using Deep VPR as decision support, with standard, explainable

and human-in-the-loop interactions.

Chapter 9 Conclusions and Future Work:

We draw concluding remarks on the presented studies, looking to future use cases and

the potential for development.
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2. Background of Visual Place Recognition

2.1 Introduction

Visual Place Recognition (VPR) is a Computer Vision task that seeks to query images taken

of a certain place in the real world and retrieve another image of the same place from a known

database. For every image in this database, additional data associated with them is stored;

specifically positional data such as a GNSS coordinate. By retrieving an image of the same

place, one can assume they are located at the same GNSS coordinate, as such VPR has clear

navigational applications in situations where GNSS navigation is not an option. Deep VPR

is a more modern term that refers to pipelines combining this concept with Deep Learning

methodology.

VPR can be seen as an extension of Image Retrieval, a computer vision task where var-

ious images are broken down into a set of descriptors, generally taking on the form of some

mathematical feature vector(s), which are then matched to a neighbour image based on some

distance metric (Often Euclidean) between their descriptors. Assuming these descriptors are

robust such that similar values indicate the presence of shared visual features between images,

those that have a minimal distance from the query image should contain similar content. The

main use case for this is to find images that contain matching objects, also known as Content-

Based Image Retrieval (CBIR).

VPR extends the use case to be used for image localization, whereas CBIR only aims to

retrieve images containing the same content regardless of camera position, angle and distance

when capturing the content, VPR seeks to retrieve images taken from the same location and as

such similarities in camera position become more important.

Early applications of VPR originate from the field of robotics, where in order to localize an

autonomous robot within a known reference map a capture of the surroundings can be taken,

this is then matched to a previously taken image of those surroundings via image retrieval

and, using a geo-tag associated with this retrieval, the robots location within the map can be

approximated [62]. Research into this task has become highly relevant for both autonomous

robots and cars, which can facilitate VPR through the addition of on board camera systems.

When performing VPR, descriptors are often representations of landmarks within an im-

age, this can be seen as relating back to how we as humans navigate our surroundings by

memorizing the locations of several landmarks to build up a mental map consisting of various

landmark nodes [63].

Classic examples of VPR typically make use of hand-crafted methods in order to pro-

cess images into feature vectors, however in the last decade Deep Learning models have now
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2. Background of Visual Place Recognition

surpassed these methods in terms of performance [64]. For VPR the Convolutional Neural

Network (CNN) architecture is now the most widely used, as researchers have found that pre-

trained CNNs built for image classification are fully capable of producing generalised image

feature representations that can be used for numerous other tasks. Initial outputs from CNNs

can be effectively transformed into feature vectors for the purpose of image retrieval through a

series of state-of-the-art methods [5, 6].

In terms of challenges, locational images have an inherent set of highly variable conditions

including lighting, time of day, weather and temporary obstructions. For example, one capture

of a landmark may be taken when a truck passes by, whereas a second capture may not, these

two images would, pixel-wise, become very different from one another despite being taken at

the same location.

Rather than categorizing the different methods as handcrafted and Deep Learning, we in-

stead categorize them by Local and Global descriptor-based methods as was done in Lowry

et al.’s 2015 survey on VPR [62]. These categories give a better understanding of the ways

in which data is used and compared across multiple VPR implementations, whereas the main

difference between handcrafted and deep methods is simply how they extract data (algorithmic

as opposed to convolutional).

2.2 Local Descriptor-Based Visual Place Recognition

As mentioned during our introduction, for VPR to be performed, input images must be con-

verted into a vectorised feature descriptor format in order to perform retrieval via mathemati-

cally determining a set of nearest neighbours.

Classical state-of-the-art methods used for CBIR (and by extension VPR) would produce

a set of local descriptors. Local Descriptors are essentially vectors that represent a subset of

an image rather than the image as a whole, the most commonly cited example of an early local

descriptor is the SIFT [65] keypoint descriptor.

2.2.1 Local Descriptor Extraction

The most common early example of local descriptor extraction is SIFT, the SIFT descriptor is a

vector of fixed size that represents a set of features relating to a keypoint within an image, these

features include surrounding scale, structure and rotational information. SIFT extracts these

descriptors through a four stage process, starting by identifying scale-space extrema within
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several Gaussian convolved versions of an image to simulate varying scale space (including

additional sets of images subsampled from the convolved image), then filtering out unwanted

keypoints based on contrast and edge properties, using Taylor expansion for the former [66]

and Hessian matrix for the latter.

Once the keypoint set is determined, for each keypoint the magnitude and direction of

neighbouring pixels form an orientation histogram that is used to assign a dominant orienta-

tional value. Finally, the neighbourhood around the keypoint is once again taken into account

and divided into a set of sub-blocks each of which is assigned an orientational histogram, the

values of all these are then flattened and stored as the keypoint descriptor vector.

The methodology of SIFT based local descriptors presents information relating to notable

objects in a way that is robust to variances in both scale and rotation; Other methods would

build upon this in order to improve robustness to other variances such as lighting and colour.

Figure 2.1: Left, the octave methodology used by SIFT to obtain numerous scale space images with
neighbouring pairs subtracted to produce DoG. Right, SIFT finds local extrema via pixels with max-
imum and minimum values against both immediate neighbours and those from the above and below
DoG’s. Figures taken from [3].

After SIFT, the second most common example is SURF [4], whose development was

mainly motivated by the comparatively slow computational speed of SIFT. SURF achieves

a more efficient algorithm by using the integral image to identify regions of interest within

which a sum of the Haar wavelet response can be used to build the feature descriptor.

SURF’s region of interest detector employs a ‘Fast-Hessian’ detector that applies a box

filter to the image that calculates approximations of the Gaussian second order derivatives,

building a Hessian matrix which can be used to identify local maxima and points of interest.

By using the integral image, multiple box filters of increasing scale can be applied to the

original image with the same computational time used for each rather than having to subsample
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the image.

Figure 2.2: Depiction of how SURF box filter scaling differs from SIFT image scaling, on the left SIFT
uses subsampling to analyse the image at different scales using DoG whereas on the right SURF changes
the scale of it’s Fast-Hessian detector box [4]

SURF descriptors are then generated for each detected keypoint using Haar-wavelet re-

sponses within the neighbourhood of the keypoint to assign orientation, after which descriptor

components are built by selecting a square region based on orientation values surrounding the

keypoint, subsetting this into 4x4 regions where Haar-wavelet responses for 5x5 features within

the sub-regions are calculated and summed to form a 64 value feature descriptor.

For Deep VPR, most commonly cited state-of-the-art methods use global descriptors, how-

ever, many effective local descriptor methods have also been proposed. These often make use

of region proposal techniques in order to determine sub-regions of an image to be fed to a

CNN for the purposes of outputting a feature representation, such as Sünderhauf et al. [67]

who pointed out that, compared to global descriptors, local descriptors can make a Deep VPR

pipeline more robust to viewpoint changes and occlusion.

Sunderhauf’s method specifically make use of Edge Boxes [68] to detect a set of possible

landmarks within an image, each of which is passed through a CNN to generate a feature set.

This feature set is dimensionally reduced using Gaussian random projection to create a set of

local descriptors.

Other examples include Chen et al. [55] who make use of the later layers of VGG16 [69] (a

popular pre-trained CNN) to identify salient landmarks by analyzing the most highly activated

convolutional features within the output of the layer, which can be mapped back to a region

of the input image. Descriptors can then be generated by pooling the convolutional features
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associated with the region into a single 1x1xC vector, where C is the number of channels of

the conv layer.

Figure 2.3: The SSM-VPR [5] pipeline which extracts sub-region based local vectors from CNN image
feature maps in a two-stage approach.

More recently, Camara et al. [5] proposed a fixed region-based two-stage method SSM-

VPR (see Figure 2.3), where a first set of fixed sub-regions are extracted from a later layer of

VGG16 via sliding window and vectorized into local descriptors alongside an additional set of

spatially aware local descriptors extracted from a higher layer using a smaller sliding window

in order to build a more numerous set of fine spatial information based vectors. This second set

is used as a refinement tool, being rearranged into the order in which they were extracted and

compared against other secondary descriptor sets from an initial wave of nearest neighbours to

check spatial consistency.

2.2.2 Local Descriptor Matching

Once descriptors are extracted from our database of images, they must be algorithmically

matched to one another to identify neighbouring descriptors. For global descriptors, this step

is simpler as each image would only be represented by a single vector and as such Euclidean

distance can be used to find a nearest neighbour for a query image. However, with local de-

17



2. Background of Visual Place Recognition

scriptors, each image has a set descriptors that individually could be the closest neighbour to

those of various other images, as such matching becomes more complex.

For classical methods (i.e. SIFT and SURF) Bag-of-features (BOF) [70] was employed,

which involved assigning individual local descriptors to clusters representing visual words via

K-means, these could then be turned into histograms that can then be used for distance-based

searches such as Minkowski distance [71]. This method is largely inspired by text retrieval and

uses a large vocabulary of visual words/clusters to produce each histogram, although one can

also use a hierarchical vocabulary to improve search efficiency.

Chen et al. [55] proposed a framework for their previously discussed Deep VPR pipeline

that followed this trend, computing clusters of visual words across all the local descriptors gen-

erated across the images of their database, with common words being downweighted compared

to those that are less common, promoting features which are more rare and unique.

Sünderhauf et al. [67] and later Hou et al. [72] developed the QUT framework which was

specifically designed to work with the Region Proposal enhanced Deep VPR models promoted

by the former. QUT framework identifies bidirectional local descriptor nearest neighbours

shared between a query image and other images from the database, for each pair a cosine

distance is calculated along with a shape similarity measurement in order to penalise pairs

whose width and height are not consistent with each other. The score for each database image

can be seen as the summation of these scores for each local descriptor in the image that belongs

to a bidirectional nearest-neighbour pairing with the query.

For SSM-VPR, Camara et al. [5] keep the local descriptors distinct values and instead

sort all database images into a histogram, for each local descriptor from the query N nearest

neighbours are found from the database via KD-Tree and their associated images receive a

point on the histogram, this process repeats until all query descriptors have been covered and

the histogram is sorted into descending order with the first N images being considered the

overall nearest neighbours.

SSM-VPR then employs what is known as a retrieval refinement technique, whereby the

spatial matching we discussed earlier is performed between the queries second set of local

descriptors and those of each initial nearest-neighbour image. Each time a descriptor pair from

these is found to be spatially consistent they receive a score on a new histogram for each of the

N neighbours which is eventually used for re-ranking.
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2.3 Global Descriptor-Based Visual Place Recognition

In contrast to local descriptors, global descriptors are more common in Deep VPR as opposed

to classic handcrafted VPR methods, instead of representing subsets of an image through mul-

tiple descriptors the image is instead represented as a whole through a single global descriptor.

This is because the general Deep VPR pipeline consists of a pre-trained backbone CNN

such as VGG16 and AlexNet trained on ImageNet, these backbones, initially built for the task

of image classification, are able to produce robust image representations representing various

generic objects and features from a wide variety of images and researchers have found that

these representations can be made applicable to a number of other Computer Vision domains,

including Place Recognition.

After passing through a backbone, CNN features are then typically aggregated into a single

vectorized form to create a global feature descriptor which is later used for nearest neighbour

matching.

2.3.1 Global Descriptor Extraction

One of the first examples of a global descriptor for Deep VPR was the Maximum activations of

convolutions (MAC) vector [73], which for a CNN output of shape W ×H ×K where K is the

number of filter maps, calculates the maximum activation within the region W ×H for each K

and stores it as an element in the vector. This can essentially be viewed as a max-pool where

the kernel is the same size as the output feature map.

Tolias et al. [74] extended this to work with the Regional MAC (R-MAC) [75] vector,

which works in the same way but only represents maximum activations from a subregion of

W ×H, Tolias et al. show that a simple summation of multiple R-MAC’s can be an effective

global descriptor.

In Babenko et al. [76], sum-pooled convolutional feature vectors, coined SPoC descriptors,

were observed to also function as effective global descriptors, outperforming local SIFT key-

point descriptors. The SPoC vector also uses PCA dimensionality reduction to reduce the size

of the initial SPoC vector to improve matching performance.

Beyond the use of pooling-based aggregation for global descriptor extraction, one of the

most commonly used state-of-the-art descriptors is NetVLAD [6]. NetVLAD is a generalised

version of the existing VLAD layer that can be plugged into a CNN architecture and trained via

backpropagation, when given a set of image features, NetVLAD learns K cluster centers and
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outputs a (D×K)-dimensional vector that forms an aggregated representation of local feature

descriptors, also known as a VLAD descriptor.

Figure 2.4: Figure depicting the NetVLAD pipeline, given an image a backbone CNN is used to output
a feature map which is the used as input for the NetVLAD layer itself which soft-assigns the features to
several clusters. Figure taken from [6].

The VLAD descriptor inherently has high dimensionality, making it expensive to compute,

so in order to tackle this NetVLAD also makes use of a dimensionality reduction which is then

followed by an L2 normalisation to get the final image descriptor.

NetVLAD is also an example of an end-to-end trainable pipeline for image retrieval/place

recognition, which it achieves by using a modified version of the VLAD vector that, instead of

hard assigning cluster centers via K nearest neighbours, instead uses a soft assignment where

weights are applied to each input feature based on their distance to the closest cluster centre

relative to all of the others, a convolution operation is then performed using these weights and

softmax activation is applied to assign each feature to a cluster.

Using backpropagation, NetVLAD is able to tune these weights over time to ensure the

generation of optimal global descriptors.

2.3.2 Global Descriptor Matching

Because global descriptors most commonly take the form of a single mathematical vector,

matching can be achieved through the use of a distance-based metric and ranking a database of

images in ascending order of such a metric.

The most common metric used by far is Euclidean distance [6, 7, 77], for two global de-

scriptor vectors Va and Vb of dimension N, Euclidean distance D(Va,Vb) is simply the sum of

the absolute difference between each pair of elements between Va and Vb up to N:

D(Va,Vb) =
√

(Va1 −Vb1)
2 +(Va21 −Vb2)

2 +(Va3 −Vb3)
2 + ...+(Van −Vbn)

2 (2.1)
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More commonly represented by the compact Euclidean Norm term:

D(Va,Vb) = ||Va −Vb|| (2.2)

Euclidean Distance therefore measures the overall dissimilarity between two global de-

scriptors, as such when trying to identify a match we simply take the descriptor with the min-

imum distance value within the database from the query as this is assumed to be the most

similar.

This can be seen in one of the early examples of deep VPR by Chen et al. [7], where global

vectors are used to form a confusion matrix where each row represents a training image, each

column represents a testing image and each element is the difference between CNN vectors for

training and test images as shown in Figure 2.5.

Figure 2.5: Generation of a confusion matrix for visual place recognition, features are extracted from
each test image via CNN backbone and matched to those from all training images. Each matrix element
M(i, j) represents the Euclidean distance between the ith training image and the jth testing image. Figure
taken from [7].

The main drawback to this method is that the search is exhaustive, distance metrics between

the queries global descriptor must be calculated for all database global descriptors, although

this can be remedied through the use of more efficient search spaces such as the KD-Tree [78].

The reason Euclidean Distance is so dominant for global descriptor matching is likely due

to two factors; It is a very simple algorithm, representing the minimum ‘distance’ between

two objects of matching dimensionality within the space of that dimension and, because it can

theoretically be applied to objects of any matching dimensionality, it is also extremely versatile

for use with VPR methods that produce vectors of differing sizes.

However, Euclidean distance can become less effective as dimensions increase due to

points becoming increasingly equidistant, an alternative method that works better for larger
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dimensions is Cosine Similarity. As such, there are examples of Cosine similarity being used

for global descriptor matching [74, 76].

Cosine Similarity works by taking two vectors of an inner product space and calculating the

cosine of the angle between them, to determine if they point in a similar direction. The result

of Cosine similarity is a value within the range [−1,1] where 1 indicates that the angle of both

vectors are proportional, 0 indicates they are orthogonal and −1 indicates they are opposite.

The algorithm for calculating Cosine similarity simply involves dividing the dot product of

two vectors, A and B, by the product of their lengths:

Sim(A,B) = cos(θ) =
A ·B

||A||B||
(2.3)

For VPR this can be applied to a database of images, retrievals can then be found by ranking

results in descending order.

2.4 Feature Descriptor Robustness to Perspective and Distance

As was mentioned briefly during the coverage of local and global descriptor extraction, the

reason these descriptors are extracted in the first place is due to their robustness to different

changes in imagery.

Robustness is very important for VPR, as we need to not only match images containing the

same content but to match them based on position, for which matching content is very helpful

but we need to make sure we are viewing that content from a similar perspective and distance

if we want to get the best positional match.

SIFT for example, as we covered earlier, uses keypoints that are invariant to scale, rotation

and illumination, however it is only partially capable of handling perspective shifts. This is

because during the process of clustering keypoint features, SIFT verifies each cluster using

least-squares solution for an affine projection, which in the paper is described as effective for

identifying objects within a 60 degree rotation relative to the camera [65].

SURF largely follows the same trend as SIFT, being aimed more at scale and rotation

invariance, relying on the “overall robustness” [4] of the descriptor to somewhat cover skew

and perspective changes which, in the paper, are considered to be second-order effects.

Therefore it is with Deep VPR techniques that we see an increase in the robustness of

feature descriptors to perspective and distance, starting with the Sunderhauf method [67],

where, as already discussed in Section 2.2.1, identifies a subset of landmarks in an image using
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Edgeboxes before passing them through the AlexNet architecture to layer conv3 to generate

viewpoint-robust feature descriptors.

The claim that these descriptors are robust to viewpoint, is that by extracting invariant

appearance-based convolutional features from proposed objects at different scales and loca-

tions, the method can extract discriminative information from the same landmarks at many

variations of perspective and distance, which can be seen in Figure 2.6 from Sunderhauf et

al.’s paper [67]. By extension, the Chen et al. [55] model also achieves this through a similar

pipeline, replacing EdgeBoxes for a convolutional saliency-based region proposal algorithm.

Figure 2.6: The boxes in the figure above show landmark proposals extracted by EdgeBoxes that have
been converted into convolutional feature descriptors for image matching. From both examples, you
can see that the two image pairs were able to be matched from significantly different viewpoints.

Tolias et al.’s R-MAC based method also provides robustness to perspective and distance

by producing several MAC vectors from the convolutional output of an image at different

scales, then combining them into a single R-MAC vector via summation and l-normalization,

the results of which can be seen in Figure 2.7. NetVLAD achieves a similar effect through the

combination of local descriptors into a single VLAD descriptor.

The method which I have chosen to use as a base Deep VPR architecture for Chapters

5 through 8, SSM-VPR, achieves robustness through the use of a fixed set of region based

local descriptors for both query and database images, as explained in Section 2.2.2, which

are matched through a unique histogram system whereby each time a database image region

is matched to a query, it receives a histogram score, with the largest scores being used to

determine initial candidates.

This already improves robustness towards perspective, as content viewed from different

Figure 2.7: Multiple instances of the same building at different perspectives and distances matched to
the query using the R-MAC representation.
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perspectives can still be matched between imagery through this region-based score system,

however it is the spatial matching stage of SSM-VPR that more so improves robustness to

perspective, as it ensures the highest ranked candidate is that which is taken from the most

spatially similar perspective to the query, making it more likely they are captured from the

same position.

Camara et al. were able to show that this method outperformed many of the previously

mentioned methods (Including Sunderhauf, NetVLAD etc.) on Berlin, Nordland and Gardens

Point datasets which are known for having large perspective changes between image sets.

2.5 Dimensionality Reduction

Dimensionality reduction is a key component of many of state-of-the-art VPR pipelines. The

task is to reduce high-dimensional data to a lower-dimensionality with minimal meaningful

data loss, such that machine learning algorithms using said data retain similar performance

[79]. In some cases, dimension reduction can even result in increased performance as a result

of removing feature clutter.

This has obvious benefits with regards to computational time and data storage, lower di-

mensionality means less memory usage which allows Deep Learning models to assign larger

batches of data to a machine’s GPU for processing.

However beyond these surface-level benefits, these methods help to offset what is known as

the “Curse of Dimensionality” [80], a phenomenon within Deep Learning where, given a fixed

set of training samples, increasing the dimensionality of some output (i.e., a Fully-Connected

layer) will initially increase performance until the model reaches a peak at which point further

increase to dimensionality begins to reduce performance.

When increasing dimensionality, more samples are required in order to properly represent

all possible samples that could occur within the feature space, otherwise the model will not be

able to generalise itself to said space. If the model does not have enough samples to generalise

then it will instead overfit onto the available samples, meaning test samples that differ from the

overfitted data will likely receive poor results.

2.5.1 General-purpose Methods

Outside of VPR specifically, their are a variety of methods for general purpose dimensionality

reduction that can be applied to vectorized outputs within most fields of data science. The two
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most well known are PCA and Autoencoders.

Principal Component Analysis (PCA) [81] is a linear dimensionality reduction method

that seeks to identify a set of principal components within the dimensions of a given input,

then build a projection of the input based on these components, reducing dimensionality.

Principal components are identified through a series of steps, starting by a normalizing

of all dimensions of the input to assign each one an equal weight, calculating a covariance

matrix and using the eigenvectors and eigenvalues obtained from the matrix to determine the

maximum variance of each dimension.

Assuming the user wants N principal components, the dimensions are sorted into descend-

ing order of maximum variance and the top N are assigned to be the principal components.

Once completed, all input vectors can be truncated down to these N components.

PCA is a simple and effective method of dimensionality reduction, it is unsupervised mean-

ing it can be fitted to any set of input data out of the box however it will only take into account

linear relationships between variables.

For data with non-linear relations between it’s dimensions, Autoencoders are a more effec-

tive method as they are based on the neural network model which is able to learn non-linear

problems through training.

An autoencoder consists of three parts, the first is the encoder which is a series of neural

network layers used to convert high dimensional data down to a dimensionally reduced vector

at the second part known as the bottleneck, this is then passed to the final part known as the

decoder which is a set of neural network layers that act as a reverse of the encoder, reproducing

the original input from the bottleneck data.

This means that, by training an autoencoder to learn an optimal data representation at the

bottleneck that minimizes the reconstruction loss, that being the difference between the encoder

input and decoder output, the encoder can then be used post-training as a highly effective non-

linear dimensionality reduction technique.

The drawback to using the autoencoder however is the need for this training process, in

order to reach an optimal output you must have access to a large set of relevant training data

otherwise you risk overfitting, which means the resources and time needed for using autoen-

coders are much greater than that of PCA.
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2.5.2 Image-based Methods for VPR

In VPR, image descriptors need to have high enough dimensionality such that descriptors rep-

resenting various locational imagery are able to cluster around those whose real world positions

are close while also being clearly separate from those that are distant, even if the general fea-

tures are similar (i.e. A Grassy Field, City Street, Motorway), by encoding specific landmark

shapes unique to each location. However, having too high a dimensionality can make it diffi-

cult to form these locational clusters as more specific encoded features allow images to become

further separated in the search space.

Many of the VPR pipelines discussed in Sections 2.2 and 2.3 employ some form of di-

mensionality reduction and those which do not often feature some aggregation technique that

can be seen as loosely related, for example SIFT does not perform dimensionality reduction

explicitly, however the SIFT keypoint descriptor does reduce dimensionality in some instances.

Consider that in SIFT a keypoint and its neighbouring features are initially represented as a

subset of an input image of dimension H ×W ×C (Height H, Width W and Channel C), SIFT

converts this into a fixed size of 4×4×8 = 128, depending on the size of the original subset,

this could be seen as a reduction in dimensionality.

More importantly, each of the 128 elements within the descriptor represent relevant ori-

entational values surrounding the keypoint, thus there is very little wasteful information being

stored.

For Deep VPR, in Tolias et al. [74] MAC and R-MAC can both be seen as a form of

dimensionality reduction as they are equivalent to performing a maxpool across the entire H ×
W region (or a smaller h×w subregion for R-MAC) of a feature map leaving only a vector of

elements for each channel in C. By only focusing on the maximum response in each filter map

along channel C, this method ignores noise within each filter map and each value is likely to

represent the presence of a highly activated feature.

It can be argued that this is discarding a great deal of information from the CNN output;

however, this is necessary as dealing with an entire H ×W ×C feature map would lead to a

vector dimension in the thousands, if not tens of thousands.

The SPoC vectors proposed by Babenko et al. [76] are similar to MAC in that they use

sum-pooling rather than max-pooling, however the Principal Component Analysis (PCA) [81]

technique was also applied on top of this for further reduction and performance enhancement.

Despite these unique implementations, many state-of-the-art pipelines still make use of

the previously mentioned PCA method to refine their descriptors, including NetVLAD [6] and
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SSM-VPR [5].

For VPR, PCA projection can be seen as selecting variables across the set of descriptors

that vary from image to image, identifying the presence of distinctive features as opposed to

variables that show little variation and likely relate to some common feature found across most

imagery that does not aid in distinguishing between examples.

2.6 Retrieval Refinement

So far we have discussed different processes of retrieving closest neighbours for both local

and global descriptors and how these descriptors are aggregated/dimensionally reduced into

optimal representations. For some VPR pipelines the final match is simply the top match

according to these processes; alternatively, however, we can instead take a batch of the top N

matches and perform what is known as retrieval refinement.

Masone et al. [82] go over a number of these methods in their 2021 Deep VPR survey,

with the main four they identified being spatial verification, non-geometric re-ranking, query

expansion, and diffusion.

Spatial verification can take a number of forms, but in general it consists of finding local

feature-to-feature correspondences between query and candidate [83, 84] and using these to

perform some form of affine transformation between the two images. From there, an algorithm

such as RANSAC [85] is employed in order to find out how many inlier local features are

present within the transformation between the images, the amount of which is summed and

used as a re-ranking score.

This is useful for pipelines that employ global descriptor based pipelines, where spatial

information is lost upon aggregating image features into a single vector. Spatial verification

therefore allows us to analyse local feature-to-feature correspondences between individual im-

age pairs for increased performance after a more efficient global descriptor comparison is used

to filter down the entire retrieval set to a more manageable subset, keeping overall inference

time shorter.

Non-geometric re-ranking appears to be an umbrella term defined by Masone et al. [82],

referring to spatial verification without needing to use geometric correspondences. This list

includes the reranking method employed by Tolias et al. [74] which uses approximate integral

max-pooling to compare a MAC vector representing the query image to a set of subregions

from the candidate image, returning the subregion that maximizes the similarity to the query,

with this similarity being used as the re-ranking score.

27



2. Background of Visual Place Recognition

Another example can be found in Yokoo et al. [86], where given a training image set that

includes some form of class labelling, and a non-labelled image retrieval set referred to as an

‘index’ set, an offline stage can be performed before any online inference is done where each

image in the index set is assigned a label form the train set based on soft voting from its k

nearest neighbours. Then, at inference time, a query is a label through this same process, k

nearest neighbours are gathered from the index set and those whose label id matches the query

are moved up the shortlist of nearest neighbours.

SSM-VPR’s stage 2 [5] is another example of a non-geometric re-ranking method, where a

set of vectors extracted from small sliding window subregions across mid-level convolutional

features are stored for each image, such that, after a set of potential candidate images are

retrieved from stage 1, these secondary sets of vectors can be compared between the query and

each potential candidate in a process dubbed spatial matching.

SSM-VPR spatial matching arranges these vectors spatially to reflect the order in which

they were originally extracted, anchor vectors are then identified between a query and candidate

so that for each anchor pair, spatially equivalent vectors around these are compared in order to

identify spatial consistencies. Every time spatially equivalent vectors around anchor points are

found to be a closest match within both sets, the candidate receives a point, after all of these

are checked across all anchor pairs the final score is used for re-ranking.

2.7 Evaluating Visual Place Recognition Models

2.7.1 Definition of Ground Truth

Before evaluating a Deep VPR model, true positive retrievals need to be properly defined. In

content-based image retrieval, ground truth labels are based on the type of object seen in each

image and as such retrieving an image with the same label is considered a true positive. Some

global place recognition datasets do make use of ground truth labels, however these are usually

associated with well-known landmarks (i.e. Eiffel Tower, Statue of Liberty etc.) contained

within the image, acting as more traditional CBIR class labels [87].

When considering Deep VPR for navigational applications, the goal is to retrieve an image

that is geographically within the same vicinity as the query. In Camara et al.’s [88] follow up

paper on SSM-VPR, they define a metric known as “frame tolerance” that is, given a query

image, it’s ground truths should be those image frames who were captured N instances before

or after the query image frame, for the Gardens Point and Kudamm datasets where image
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captures along their paths were taken more sparsely (200 images total) the authors set a frame

tolerance of ±2 whereas for the much more dense Cities-8000 (8000 images) a tolerance of

±1 was used.

This method is consistent as it means all queries have the same number of ground truths,

it can also account for sudden changes in speed of the capture platform and therefore distance

between a group of frames as although they would be further apart, they are still within the

same frame tolerance threshold.

However, this method does not account for experiments using image sets with multiple

overlapping runs, where the same locations are identified at different times, and therefore

frames, meaning that assigning ground truth to images this way would become more complex.

The more common method is to define a ground truth region such that any image within

D distance of a query is ground truth; however, the distance chosen must be informed by the

density of images within the dataset capture area. For example, in the NetVLAD [6] paper, the

authors evaluate their model against the Tokyo 24/7 dataset [89] which contains 76k training

images across an area 1600km2, given that this is a relatively dense dataset and a distance of

25m is assigned the ground truth.

In the Patch-NetVLAD paper [90] both methods are applied based on the nature of the

dataset being evaluated, for Nordland the authors use a frame tolerance ±10, whereas for

Tokyo 24/7 they use the same metric as in the original NetVLAD paper.

Generally speaking, camera orientation is not considered when determining ground truth

within previous works [6, 88, 90], theoretically this could mean that locations with different

features to the query which we would assume are wrong would actually be ground truth if they

fall within the radius at a different orientation. However, considering that various benchmark

evaluations ignore this, it seems safe to deem these instances as statistically insignificant.

2.7.2 Metrics for Evaluation

Once a method for determining ground truths is chosen, we can then proceed to evaluate our

model in various ways, the most common method is measuring the true positive rate of the

model, often referred to as accuracy or recall. This can be extended further by considering

the true positive rate given N retrievals per query called Recall@N, where, if any of the N

examples are ground truth, the query is considered to be recalled successfully and therefore

true positive. When calculating the true positive rate, note that false negative in this case is

any query that has not been recalled successfully, as such we simply divide the number of true
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positives against the length of the query set.

The other most popular metric is mean average precision (mAP); however, this metric can

only be applied to datasets where the number of ground truth images N per query is consistent:

mAP =
1
Q ∑

q
APq

AP =
RT P

q

Rq

(2.4)

Where Q is the total number of queries, APq is the average precision of the query q, RT P
q is

the number of true positive retrievals for q and Rq is the total number of retrievals for q. When

each query has ground-truth retrievals N, we can substitute Rq for N and refer to the equation

as mAP@N.

Alternatively, if the number of ground truths per query is not consistent, we can instead

use a metric developed in [91] whereby instead of calculating the AP per individual query,

we instead calculate the AP across all retrievals simultaneously, thresholding the retrieval set

according to some score or distance metric measuring their relevancy to the queries.

This is defined in [91] using both Precision and Recall metrics:

Precision =
∑q |RT P

q |
∑q |Rq|

Recall = ∑
q
|RT P

q |
(2.5)

By calculating these values at decreasing threshold intervals, we introduce more retrievals

with lower relevance scores into the set until we reach the minimum threshold at which point

we can plot the precision recall curve. From this, the ‘Area-under-curve (AUC) value can be

used as a single value metric. Note that for traditional mAP or mAP@N, precision curves can

be plotted by calculating mAP at different values of N, making sure that the top N per query are

in order of relevance, thus allowing you to calculate AUC after normalising the recall values

between 0 and 1.

2.8 Methods for Real-time Localization

Although not the focus of this paper, another highly relevant set of methods within the place

recognition fields are methods for real-time localization - namely, Simultaneous Localization

and Mapping (SLAM), Structure from Motion (SfM) and Multi-sensor fusion.
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2.8.1 Simultaneous Localization and Mapping

SLAM is a method designed for fully autonomous navigation systems whereby a robot must

navigate an unknown environment, for this to be achieved the SLAM method aims to both

map the robots surrounding environment through on-board sensors while also localizing the

position of the robot within this environment.

An important distinction to make between SLAM and VPR is that the former will not

estimate a true, global position (i.e. GNSS) it is simply used to track a relative location based

on the robots surroundings.

The method works by keeping track of the position of the robot, x (a localization and ori-

entation vector), over time using the known movement vector of the robot, u, while identifying

various local landmarks whose positions are assumed to be time invariant, m [8] (See Figure

2.8).

Figure 2.8: The SLAM problem as defined in [8], both the robot and landmark positions are mapped
and localized simultaneously.

At each timestep, a vector containing observations from the robot of landmarks within m

are recorded as an additional vector z, given all of this information SLAM attempts to predict

the new position of the robot post-movement (u) using the following probability distribution,

where k is the current timestep and 0 is the origin:

P(xk,m|Z0:k,U0:k,x0) (2.6)

The above equation can be modified based on the specific methodology and context of the

problem, for instance some tasks may not use the motion vector u of the robot at all, in which
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case the problem is entirely based on using the estimated positions of local landmarks.

2.8.2 Structure from Motion

SfM is defined as mapping the structure of a 3D environment using a collection of 2D images

often combined with motion-based sensor information [92].

Most methodologies for SfM do this by generating a set of points within several images

of the same scene, for example in [9] SIFT keypoints are generated for each image and the

descriptors are used to determine potential pairwise correspondences (i.e. matching point pairs)

between images.

This pipeline then uses Random sampling and consensus (RANSAC) to estimate the es-

sential matrices, which define how points shared between two images relate, allowing for true

corresponding pairs to be identified while also discarding outliers. Knowing how many corre-

spondences there are between images, the pair with the highest amount will first be selected

and a process known as bundle adjustment can be performed.

Bundle adjustment is a method used by many SfM algorithms that minimizes the re-

projection error cost function, which consists of calculating the structure and camera calibra-

tion variables that produce the lowest discrepancy between the image measurements and their

predictive model [93].

After calculating bundle adjustment for one pair, others can then be added in a greedy

manner before recalculating the bundle adjustment until all relevant images are covered and

we are left with a set of structured keypoints and camera variables, the result of which can be

seen in Figure 2.9.

Figure 2.9: Results of structuring the coliseum in Rome using SfM [9].

In terms of how SfM relates to navigation, it can be applied as a purely image based method

of performing 3D scene mapping as part of a SLAM pipeline, producing a large amount of land-
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mark keypoints for predicting a robots location using timestamped footage from an onboard

camera.

However historically, SfM is more commonly used within the fields of Geoscience [94] and

Historical Preservation [95] as opposed to Computer Vision, where the point maps generated

by SfM can be used to digitally recreate land surfaces and historical artifacts.

2.8.3 Multi-Sensor Fusion

As the title suggests, multi-sensor fusion is a term for any system that makes use of multiple

types of sensor information, such as Camera feeds, LIDAR, RADAR, etc. in order to achieve

some singular goal (i.e. autonomous navigation) [96]. Using multiple sensors allows such

systems to make up for the limited perceptual capability of each individual sensor [97].

In Yeong et al.’s 2021 survey of the field, three approaches are identified; High-level Fusion

(HLF), Low-level Fusion (LLF) and Mid-level Fusion (MLF). HLF allows for each individual

sensor to carry out tasks, such as object detection and tracking, independently of one another

before fusing this information later in the pipeline, most often using a Kalman filter [98].

The Kalman filter is a widely used technique for navigational systems that uses measure-

ments over time to predict the current state of a system. In the case of Multi-sensor fusion,

these measurements would consist of object detections from camera/RADAR/LIDAR which

the filter uses to produce a state that minimizes the level of uncertainty of these measurements.

HLF with Kalman filter is a lower-complexity approach but suffers when one of the sensors

is unavailable, inhibited or is reporting low confidence (i.e. Camera stops seeing ahead in bad

weather) as there are now less measurements to work with for accurate state prediction.

MLF is similar to HLF only that instead of providing measurements from each sensor indi-

vidually, their intermediate outputs (i.e. RGB image from a camera and locational information

from RADAR/LIDAR) are fused before being passed through some classification method [99].

LLF goes a step further, taking the immediate raw outputs from each onboard sensor

and fusing them into some sort of computational unit, this approach is the most complex

implementation-wise and requires precise calibration of all sensors involved as to not intro-

duce offsets between them.

Multi-sensor Fusion is a popular method for production level autonomous cars such as

Tesla’s AutoPilot [100] and Waymo (Formerly known as the Google Self-Driving Car Project)

[101], the latter of which is employed as a taxi service in San Francisco, Phoenix, and Los

Angeles. However, they also require heavy investment due to the large upfront costs of high-
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resolution camera systems, RADAR and LIDAR as well as maintenance of these over time

and as such are not an immediately available alternative to purely Computer Vision-based

navigation techniques.

2.9 User Reliance on AI for Autonomous Navigation

2.9.1 Background

As this work proposes the creation of a Deep VPR model for decision-support in maritime

navigation, the end result can be seen as supplementary to a fully our semi-autonomous system,

for example, in real-time methods such as SLAM, a common error one may encounter is that

of error drift [102], where small localization errors overtime result in an offset later on during

traversal. Deep VPR is often used as a tool for loop closure, which is when we encounter a

previously seen location and a discrepancy is detected between current position and previous

position at this location, the system can attempt to correct the error [103].

However, autonomous navigation is a hot topic among end users, with many showing dis-

trust towards such systems [50], which can dissuade adoption as users are unwilling to rely

on them. Because this tool may be used as an autonomous aid in maritime navigation, it is

important that we cover such studies into user trust in autonomous navigation so that we can

design our model in a way that maximizes positive outcomes based on the level at which the

user relies on such a system.

Reliance, which relates to feelings of trust, confidence and dependence, is a term that

broadly speaking is used to describe the extent to which someone requires or feels the need to

use some resource to function. In the context of AI, when someone relies on a system, they are

often giving away personal agency with the expectation that the AI can perform some task to a

similar or greater level of effectiveness [104].

However, we must also be aware of the dangers of making users rely on such technology

- as no AI can be 100% accurate, it will ultimately make some mistakes and in these cases

if a user continues to rely on the system then errors will occur. This concept is referred to

as technology dominance [105], meanwhile the opposite would be referred to as technology

avoidance and can also result in sub-optimal results as humans themselves can make mistakes

that the AI would not, therefore when studying reliance we believe it is important to strike a

balance that maximizes the number of true positive outcomes of some task.

The most common studies related to user reliance on autonomous systems focus on the
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emerging field of autonomous cars, with companies such as Waymo offering autonomous taxi

services in places such as California [106]. In such studies, one of the factors that contribute to

technology avoidance or distrust include an unwillingness to give up control [50], which some

researchers agree is a justifiable reason not to fully rely on AI as removing human agency can

cause human users to lose skill and develop unwanted habits overtime that may cause accidents

when placed back in a manual vehicle [107].

Another factor is legal issues in case of accidents [108], however in the United States

new car legislation in 2016 deemed autonomous cars such as the Google AI to be drivers,

making the case here more concrete [109]. The EU also has published new legislation regarding

autonomous cars, with only level 3 autonomous vehicles, that being those with a designated

safety driver, being allowed on public roads [110].

As such, studies are still most commonly aimed at studying user interaction rather than

things such as monetary benefits/drawbacks. To our knowledge, there has not yet been another

paper that approaches this field from the angle of Deep VPR as decision-support.

2.9.2 Evaluating User Reliance

As the definition of reliance often overlaps with the more complicated topic of trust, we believe

that methods designed to evaluate the latter in the context of AI can also give insight into the

former. This is in line with previous research, who suggest that trust is has a direct corelation

with users willingness to rely [111].

One of the most well cited works on analysing user trust in autonomy is Jian et al.’s paper

“Foundations for an Empirically Determined Scale of Trust in Automated Systems” [10], in this

work the authors set out to produce a method of directly measuring user trust in autonomous

systems, the results of which allow for a robust assessment.

This was carried out by providing 126 university students as participants to rate a series

of words on how much they believed them to relate to trust or distrust in general, between

humans and between human and machine. The authors then calculated the average trust rating

and distrust rating for each word, from which a strong negative corelation between the two

opposites was found, validating the assumption that they are indeed opposites.

With words scaled from distrustfulness to trustworthiness, the researchers organized these

into bins based on their average rating from which phrases relating to the words were developed

in order to be used as prompts for a likert scale, where users can mark down how much they

agree with the phrase (See Phrases in Figure 2.10). These scales are now some of the most
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well-cited and used for measuring human trust in AI.

Figure 2.10: Results of grouping words ranging from high average distrust association to high average
trust association into related phrases [10]

Going back to reliance specifically, a new method of evaluation the method for measuring

Technology Dominance proposed by Cabitza et al. [105]. The main goal of this measurement is

to find a balance between human-AI interaction such that as many positive outcomes as possi-

ble can be achieved, the authors hypothesized that in any given task assuming both human and

AI can make mistakes and that instances in which these occur for each party do not necessarily

overlap, too much dominance in either actors favor will result in a sub-optimal performance

compared to a mixed approach where the two correct eachother whenever possible.

To measure this, two scales were suggested, Automation Bias and Detrimental Algorithmic
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Aversion. These terms describe the two sides of the previously mentioned hypothesis, with

both acting as odds ratios, with Automation Bias being the ratio over N cases of likelihood

of detrimental over-reliance (dsr), number of cases where reliance on AI results in a negative

outcome, versus beneficial self-reliance (bsr), the number of cases where self-reliance results

in a positive outcome, for this odds ratio values over one indicate the AI may be inducing a

negative outcome on the users decision making.

AutomationBias =
dor

N −dor
N −bsr

bsr
(2.7)

Detrimental Algorithmic Aversion follows a similar formula, being the odds ratio between

detrimental self-reliance (dsr), the number of cases across N where self-reliance lead to a neg-

ative outcome and beneficial over-reliance (bor), cases where reliance on AI lead to a positive

outcome.

DetrimentalAlgorithmicBias =
dsr

N −dsr
N −bor

bor
(2.8)

This work is highly relevant to ours as it was developed specifically within the decision-

support framework, as such it is an effective modern metric for studying reliance on Deep

VPR.
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3.1 Introduction

Computer Vision is an interdisciplinary field that enables computers to extract information

and data from real world imagery. This can include 2D or 3D Images, 3D Scans/Pointclouds

and Video Sequences. The motivation is to allow machines to view the world similarly to a

human identifying various objects within its field of view and making decisions based on their

properties.

This can be achieved using hand-crafted or Deep Learning frameworks, with the latter

being more recent. In particular, the Convolutional Neural Network (CNN) architecture is a

popular choice for Deep Computer Vision, allowing for efficient extraction of generalizable

high-level activation maps, which can be condensed into a vectorized output using Dense Neu-

ral Network layers. Examples of Computer Vision tasks include:

Image Classification. A task that seeks to classify an object or a set of objects within an image

via numerical outputs representing learned “class” labels, where each class is a type of

object (i.e. 1 = ’Dog’, 2 = ’Cat’, etc.). Models are often be trained to output a predicted

bounding box that is assumed to contain the labeled object.

Object Detection/Region Proposal This task seeks to detect a number of notable objects

within an image and output a bounding box for each. The goal of this task is not to

classify objects with a label, but to quickly and efficiently detect the location/presence

of generic objects of interest. Use cases include collision avoidance and as a knowledge

prior which one may leverage by enabling some other model (i.e. Image Classifier) to

focus only on the detected regions.

Content Based Image Retrieval. Covered briefly in Chapter 2, CBIR involves extracting data

from imagery and aggregating the data into an effective numerical vector representation,

often called a descriptor. Images containing the same content should have numerically

similar descriptors, such that other images containing the same content can be retrieved

via a distance-based descriptor search.

Image Saliency. Attempting to mimic the behaviour of the human visual system in order to

focus on the most important information within the scene, image saliency tasks aim

to identify segmentations that can separate background features from important objects

within a scene. In an Explainable AI (XAI) context, image saliency can instead be seen
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as a description of what objects are seen as being important to the AI model during its

decision making, helping to explain this process to the user.

Semantic Segmentation. Beyond simple Image Classification, this task seeks to associate a

class label with every individual pixel in an Image, tasks vary from detecting and seg-

menting objects such as cars and humans from a street view to classifying portions of

waterborne imagery into categories of land, air and sea.

Many Computer Vision models are designed to solve single tasks such as those described

above, however in many instances these are instead simply a sub-task of some larger task. For

example, an object detector for cars may be used over a parking lot to measure the number of

spots currently occupied whereas a semantic segmentation output could be used to inform a

separate image classification CNN.

One of the many areas in which Computer Vision can be helpful in is tasks related to

Waterborne Imagery, including Maritime Surveillance [17, 27, 112, 113] and Collision Avoid-

ance [37, 114], where equivalent land-based approaches are inadequate due to unique artifacts

found in Waterborne Imagery including water obstructions, reflections and wakes.

In this Chapter, we cover a set of Computer Vision tasks with applications for enhancing

Waterborne Imagery, beginning with a brief background of the task as a whole and it’s existing

implementations, then discussing previous examples of their use for waterborne-based image

tasks.

We also briefly cover the use of Human-Centered AI in the form of Explainable AI and

Human-in-the-loop for Computer Vision, which are topics related to the end user experience

relating to such systems after they are deployed, particularly regarding the black-box nature of

CV outside of AI research.

3.2 Object Detection/Region Proposal

As we mentioned briefly in the Introduction section, Object Detection is a task whereby we at-

tempt to identify and localize a set of notable objects within an image via labelling and bound-

ing box outputs. Motivations for the implementation of such a method includes Face Recogni-

tion, which has applications within both commercial and law enforcement domains [115,116],

Pedestrian Tracking to inform the interactions and movements of autonomous systems [117]

and Vehicle Tracking for use in emerging smart cities and smart traffic systems [118].
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The inherent challenge of performing these tasks is being able to identify objects under

various conditions and circumstances. Lighting conditions and camera angle can have a big

impact on the clarity of human faces within an image for example, meanwhile pedestrian de-

tection must be able to identify humans in various poses while also dealing with visual clutter

as seen in Figure 3.1.

Region Proposal is functionally similar to Object Detection and whichever definition is

applied to a task or model typically depends on the context. Compared to Object Detection,

Region Proposal is more concerned with identifying a set of bounding boxes that are likely to

contain an object or notable features in general.

Generally speaking, methods designed for Object Detection can also be used for Region

Proposal and vice-versa, however many Deep Object Detectors are trained in a supervised

manner to detect a specific set of object classes and as such may not translate well to generic

Region Proposal.

Figure 3.1: Examples of pedestrian detection training images showing the large variety of poses, illumi-
nation and clutter that one could encounter when trying to perform detection. Figure taken from [11].

3.2.1 Handcrafted Methods

Some of the first major implementations of Object Detection include the Viola-Jones object

detection framework [12] and the histogram of oriented gradients (HOG) [11], both of which

were handcrafted feature representations made before the popularity of deep learning-based

methods [119].

The first of these, Viola-Jones, was made for face detection using a large set of rectangular

feature detectors reminiscent of Haar Basis functions which were divided into two to four

sections. For each feature, the sum of pixels within binary labelled subsets of these sections

be subtracted eachother to perform edge detection, from the initial set, a smaller set of highly

effective rectangular features were selected with AdaBoost [120], which was also used for

training.
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Figure 3.2: Examples of rectangular features used by Viola-Jones method [12]

Viola-Jones used a detection cascading approach, where multiple classifiers of increasing

rectangular feature numbers would be trained and used to produce true positives and false

positives which could then be sampled from as true positives and true negatives for training the

next classifier.

Histogram of Oriented Gradients (HOG) is a detector designed for pedestrian im-

agery.HOG makes use of gradient magnitude and angle maps calculated over an image which

are then divided into a set of 8x8 pixel groups referred to as “blocks”, these blocks are used

to contribute to a 9-bin orientational histogram similar to SIFT [65], each bin in the histogram

represents a 20◦ angle, with pixel values being accumulated based on their magnitude and angle

map values.

HOG introduced an additional step whereby overlapping 2x2 groups of these 9-bin his-

togram calculated from the previous step are contrast normalized and collected to form the

HOG descriptors, making the implementation more robust to illumination and background-

foreground contrast change.

For methods desgined moreso for Region Proposal, Selective Search is a popular method

that combines typical exhaustive search with segmentation. In order to capture objects at all

scales, the method begins by applying the Felzenszwalb and Huttenlocher “Efficient graph-

based image segmentation” [121] method to the image to produce the initial set of regions.

After, a greedy algorithm is applied to the region set, calculating the similarity between all

neighbouring regions and merging the two most similar regions together and adding them to

the region set, then recalculating the similarity between this new region and its neighbours

before repeating the process indefinitely until the image is reduced to a single region (Figure

3.3).

43



3. Computer Vision Task Backgrounds and Applications for Waterborne Imagery

Figure 3.3: Visual depiction of the Selective Search exhaustive segmentation followed by several merges
over the iterations, below each segmentation image are the resulting bounding-boxes [13].

The similarity metric used between regions consists of four main parts, each of which

needs to propagated hierarchically as regions are merged by the algorithm such that the image

pixel values do not need to be accessed. These four metrics that make up the overall similarity

s(ri,r j) between a region ri and r j are scolour(ri,r j), which record initial one-dimensional colour

histograms for each region, stexture(ri,r j), representing texture similarity via SIFT-like binned

orientational histograms for each colour channel, ssize(ri,r j), the fraction of an image that ri

and r j jointly occupy, finally, the fourth component, s f ill(ri,r j), measures how well ri and r j fit

into each other.

The final similarity metric s(ri,r j) is as follows, where ai is either 0 or 1 based on whether

or not that particular component is being considered:

s(ri,r j) = a1scolour(ri,r j)+a2stexture(ri,r j)+a3ssize(ri,r j)+a4s f ill(ri,r j) (3.1)

we also have EdgeBoxes [68] and randomized Prim [122]. EdgeBoxes evaluates bounding

boxes over a Structured Edges [123] output based on an input image, the resulting edge map is

divided into a set of edge groups, each of which is evaluated against a set of bounding boxes.

For each box, the portion of the edge group that falls exclusively within the box is taken into

account during evaluation while also measuring the portion of edge pixels belonging to groups

that overlap the current box as a negative to the overall score. The intuition for EdgeBoxes is

that the number of contours that are wholly contained in a box increases the likelihood that the

box contains an object.

Randomized Prim on the other hand makes use of partial spanning trees built over a graph

based on superpixel segmentation of an input image. Initialising on a single superpixel, the
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algorithm iteratively builds up a partial tree by adding neighbour superpixels nodes based on

the value of their edge weight, which is calculated through a combination of measuring color

similarity, common border ratio and size.

3.2.2 Deep Learning Methods

Later Object Detection methods would leverage the Convolutional Neural Network (CNN)

model, the most well-known method being the Regional Convolutional Neural Network (R-

CNN) family, including the original [14] and its two major follow-ups Fast R-CNN [15] and

Faster R-CNN [16] which improved the models efficiency for the Object Detection task.

R-CNN (See Figure 3.4) is built using two major parts, Selective Search [13] for unsuper-

vised Region Proposal and a CNN pre-trained on a large auxiliary Image Classification dataset

such as ImageNet [124]. Each region proposal takes the form of a bounding box surrounding

what Selective Search believes to be some generic object, this bounding box region is then

rescaled into an individual image to be passed through the CNN to be classified.

Figure 3.4: The R-CNN pipeline [14], which uses Selective Search for region proposals that are then
warped and passed through a CNN for individual object classification.

The biggest issue with R-CNN when it came to computational efficiency was that each

proposed region had to be fed to the CNN as an individual image, Fast R-CNN (Figure 3.5)

addresses this by instead passing the entire input image through the CNN, then projecting

the bounding boxes of the proposed regions onto the intermediate convolutional feature map.

These sub-sections of the feature map are then ROI pooled into consistent sizes and passed to

the final Dense layers for classification.

Faster R-CNN does away with using a pre-built Region Proposal method (i.e. Selective

Search) and instead uses a Region Proposal Network (RPN). The RPN shares convolutional

layers with the CNN such that once the final shared layer is reached, before the R-CNN per-

forms any classification the RPN will apply sliding windows of differing shapes over the con-
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Figure 3.5: Fast-RCNN pipeline [15], which does away with the image warping stage and instead
projects RoI’s onto the CNN feature map, shape consistency is then ensured via the RoI pooling layer.

volutional feature map that are used to regress both a probability value for the presence of an

object as well as storing the coordinates of the window as a bounding box output.

Figure 3.6: Faster-RCNN pipeline [16], using a trained RPN to generate proposals based on feature
maps which are RoI pooled and classified.

This RPN does not work out-of-the-box, but this is solved by training the Dense output lay-

ers it uses end-to-end through backpropogation and stochastic gradient descent (SGD) [125].

For the task of general Object Recognition this training was facilitated by the availability of

the PASCAL VOC 2007 [126] dataset, with more recent pre-trained versions using more up-

to-date alternatives such as ImageNet [124].

For other computer vision applications, specifically visual place recognition, where object

classes of interest may be different from those of image classification, these supervised meth-

ods can be difficult to incorporate, whereas an unsupervised method can be applied to any
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domain.

For this paper, designing and labeling a new set of bounding box classes for our waterborne

image data would likely constitute an additional body of work on top of the contents covered

in Chapters 5-8, as such it was not deemed feasible within the allotted time frame to train a

Region Proposal Net.

In addition, because popular RPN’s such as Faster R-CNN are pre-trained on datasets such

as ImageNet, which focuses on smaller individual objects we believed they would not translate

well to broad shoreline-based features and as such we opted to make use of unsupervised

methods.

A more recent Deep Learning based method that can work without training can be found

in Vo et al.’s work, “Toward Unsupervised, Multi-Object Discovery in Large-Scale Image Col-

lections” [127].

Figure 3.7: The Vo et al. method for Object Detection/Region Proposal. The top row depicts, from left
to right, an input image, a summed CNN feature map, local maxima extracted from the map and three
individual feature maps generated by calculating the dot product between the CNN feature vector at the
position of a maxima and the feature map. Subsequent rows then depict these same three feature maps,
followed by examples at different saliency thresholds of the main connected component generated from
the maps being used to generate bounding boxes.

As can be seen in Figure 3.7, the authors provide a novel Region Proposal method based

around image saliency. This method finds a set of local maxima within a summed feature map

using persistence measurement [128], and for each maxima a new feature map is generated

by creating a dot product between the original CNN feature map and the feature vector at the

position of the maxima. The feature map produced from this dot product is then summed along
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the filter axis much like before to get a new image, where the connected components algorithm

is then applied with a bounding box around the component being the proposed region.

3.2.3 Applications in Waterborne Imagery

Object Detection and Region Proposal have become one of the most popular forms of Com-

puter Vision for enhancing maritime navigation systems, specifically the use case of Maritime

Surveillance [17, 112]. As the amount of global naval traffic increases and crews become

smaller with the integration of smart systems, being able to identify nearby sea vessels allows

for safe navigation as well as environment monitoring and anti-piracy measures.

However, traditional methods have mostly been developed for either urban locational im-

agery or object-based imagery, whereas waterborne imagery contain unique features and chal-

lenges including the tendency of water wakes to produce false positive detections [113], tradi-

tional assessment criteria for object detection not translating well to waterborne imagery due

to non-linearity of physical distance between objects [129] and the diverse nature of imagery

under various weather conditions.

Figure 3.8: Images taken from Figures in Bloisi et al.’s work [17], left image shows how existing object
detectors cannot distinguish portions of land from boats and right image shows a low-resolution image
of a boat with significant wake behind, which has been falsely detected as a second boat.

Bloisi et al. [17] proposed a maritime surveillance system that used a Haar based classifier

to first detect a series of boats in an image, after which they remove false positives produced

by boat-like shapes along the shore using a horizon line detector in order to find the separation

between land and sea, common sense dictates that boats would not appear above sea level and

as such these detections can be safely discarded.

As described in Figure 3.9, the Horizon Line Detector prevents false positive candidate

lines by filtering out wakes and wave lines created by moving objects.

48



3. Computer Vision Task Backgrounds and Applications for Waterborne Imagery

Figure 3.9: Horizon line detection method from Bloisi et al. [17], candidate lines are extracted from the
input image (a) by applying a hough transform to its edge map, producing image (b). Candidates are
validated by taking a rectangular set of sample points above and below the line, where corresponding
pairs above and below are checked for differing intensities (See Image (c)), if 90% of pairs differ the
line is considered valid.

In Bousetouane et al.’s work [112], a CNN object detection method was preferred over

handcrafted, however, it was identified that state-of-the-art architectures such as Faster R-CNN

are typically trained on small resolution images with large objects and minimal clutter [124,

126], whereas Waterborne Imagery tend to be high resolution with objects that appear small

due to greater capture distance. As such, these pre-trained methods would not translate well to

this type of imagery so the authors chose Fast R-CNN with HOG detection for region proposal

as opposed to Selective Search.

The reasoning behind using simple HOG detection is due to Waterborne Imagery often be-

ing wide view and containing objects at various scales based on distance. HOG can efficiently

analyse these images at various scales whereas the computation time of Selective Search grows

exponentially relative to scale and image dimensions, the latter’s bottom-up nature also makes

it perform poorly when tasked with identifying small objects in crowded scenes. A downside

is that HOG can produce a noticeable amount of erroneous region proposals, however the au-

thors deemed this to be acceptable as they could later be pruned by thresholding them by boat

sub-class confidence scores.

More recently, Kim et al. [18] proposed the use of YOLO-V5 for maritime object detection

on an augmented version of the Singapore Maritime Detection (SMD) [130] dataset called

SMD-Plus. To alleviate the small size of the SMD dataset along with the large class-imbalance

due to it consisting mostly of boats, the authors apply additional data augmentation techniques

to their YOLO-V5 in the form of Online Copy-and-Paste and Mix-up techniques.

Copy-and-Paste consists of taking two individual sets of training images, {I1, I2, I3, I4}
and {J1,J2,J3,J4}, adding color jitter via random alteration of brightness, hue and saturation

components, copying objects from other training images and pasting them into the jittered

{I1, I2, I3, I4} set, then, re-introducing set {J1,J2,J3,J4}, random mosaics are applied to both
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Figure 3.10: The Copy-and-Paste and Mix-up technique pipeline used by Kime et al. [18] on images
from the Singapore Maritime Detection (SMD) dataset. These image augmentations are used to more
effectively train YOLO-V5 on the SMD data.

it and the now augmented set, both output mosaics are then geometrically augmented before

being “Mixed-Up” via a weighted linear interpolation of the two images and their labels [131].

3.3 Image Saliency

Image Saliency is a broad term that encompasses any area of computer vision research focused

on detecting and highlighting local areas of interest in an image that the human visual system

would be likely to extract from the overall scene, allowing the machine to mimic this behaviour

to gain useful context from a single image [132]. In Explainable AI, saliency can also reflect

the opposite of this, where the goal is to highlight which local areas of an image have been

used by the AI to inform its decision making based on the global image features [133].

In both fields, image saliency is a useful tool for segmenting or promoting objects of in-

terest within an image, separating them from less desirable background features and allowing

us to save large amounts of computational resources and time by highlighting features of high

importance, allowing developers to engineer their pipelines such that instead of having to pro-

cess a whole image or multiple regions of an image to classify objects, areas highlighted by the

saliency can be turned into region proposals to streamline the process and improve accuracy.

Before we continue, let us give a more proper definition of saliency. Saliency is a neuro-

logical term used to describe features that are prominent or “stand-out”, this can include visual

objects of a particularly intense colour (i.e. red) in an otherwise dull looking scene or seeing

something of significantly greater size than other features in an image [134].
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Salient features generally come in two categories: Global and Local Feature Prominence.

Global Feature Prominence describes saliency within the whole of an image, that is, taking

an image as input and analyzing features across the whole image such as pixel contrast [135],

what features are most prominent?

Local Feature Prominence on the other hand considers features of prominence across mul-

tiple components of an image, for example the Itti model [19], which we will soon cover in the

following subsection, extracts features from a set of visual fields across an image which is also

duplicated at differing scales to find salient features across scale and location in the image.

In either case, the most common output from image saliency is what’s known as the

saliency map, a 2D array usually matching the dimensions of the image it was generated from,

where a continuous value between 0 and 1 represents the overall saliency of each pixel, these

can then easily be thresholded to convert the map into a binary one instead.

3.3.1 Handcrafted Methods

Because the motivation of Image Saliency was to mimic the Human Visual System (HVS),

early methods were largely inspired by neuropsychology [136] with their being two primary

models [137], bottom-up models that focus on low level visual features [138] and top-down

models that use ground truth data to facilitate a task driven approach [139].

A classic example of a bottom-up approach is the Itti model [19] (Figure 3.11), which

extracts intensity, colour and orientation values from an image in order to build feature maps

that can be normalized and aggregated into a single saliency map in order to simulate the

biological visual attention mechanism.

The Itti model calculates these feature maps at several image scales created with dyadic

Gaussian pyramids in accordance to the center-surround operator of features, the architecture

as a whole can be seen in Figure 3.11.

Within the architecture, we first produce colours, intensity and orientations maps. The in-

tensity map is a simple average of RGB, whereas the colour map is a "colour double-opponent"

system, where receptive fields are excited by one colour and inhibited by another, this is done

by calculating color channel maps for red, blue green and yellow, then calculating new maps

for opponencies that match those in the human primary visual cortex [140]. Finally, local

orientation is obtained from the intensity map using angle components of the Gabor wavelet.

Using the various feature map scales, the model uses centre-surround differences between

a finer, centre scale map and a coarser scale map for each of the three categories to obtain new
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Figure 3.11: Itti model general architecture [19]

intermediate feature maps, which are then further processed by combining the various scaled

maps and normalizing them before finally linearly combining them into a saliency map.

For the top-down approach, the Liu et al. [141] method is a well known example that fo-

cuses specifically on salient object detection as opposed to a more generalised visual attention

representation. The type of object contained within the saliency is not considered to be par-

ticularly important, with training data coming in the form of bounding-box human-labelled

images.

Given an image I, Liu’s approach calculates a binary saliency map A where for each pixel

x in I, an equivalent pixel ax in A has a value ax ∈ {0,1} where a value of 1 indicates that

the pixels belong to a salient object. For a single image, the condition random field (CRF)

framework is applied which involves calculating the probability of A given I as a conditional

distribution P(A|I) = 1
Z exp(−E(A|I) where Z is a partition function and E(A|I) is the “energy”

which is defined as so:

E(A|I) = ∑
x

K

∑
k=1

λkFk(ax, I)+∑
x,x′

S(ax,ax′ , I) (3.2)

Here, Fk(ax, I) represents the likelihood that pixel x belongs to a salient object with k be-
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longing to a set of K unary features, S(ax,ax′ , I) represents potential pairwise feature between

x and a neighbouring pixel x′. The method learns to optimize the weights of feature set K, λk,

using maximized likelihood.

3.3.2 Deep Learning Methods

3.3.2.1 General Methods

As with most fields of Computer Vision, the advent of Deep-Learning has presented new, more

effective methods of performing image saliency detection, namely with the CNN and FCN

models. Feature maps generated by CNNs pre-trained on image classification tasks such as

ImageNet [124] can be seen as already having the inherent ability to present generalized image

saliency without needing additional methods, training or prior-knowledge.

A good example of this is the work of Li et al. [20] (Figure 3.12) which uses multi-scale

Deep CNN features combined with handcrafted to produce effective saliency maps. Using a

CNN trained for ImageNet classification task, a saliency pipeline is built where given an image

for which we want to calculate the saliency of a particular region, we take three nested regions

where the smallest is the initial region of interest, the second are its surrounding neighbours

and the third is the whole image.

Deep features generated from these are passed to an initial fully-connected layer for vector-

ization before concatenating these features and passing them to another fully-connected layer,

this is then used to form the Deep Contrast Feature vector which is further concatenated with

low-level handcrafted features to boost performance. Using ground-truth pixel-wise labellings

of classified objects the models fully connected layers can be trained end-to-end.

Simonyan et al. [142] propose a method that generates class-based saliency maps, ranking

pixels based on their influence on the class score, in other words the output loss function. As

identified in their paper, the class score Sc for an image I could be represented as the following

formula:

Sc(I) = wT
c I +bc (3.3)

In this case, given that the result of applying weights wT
c to I in results in a class score

Sc(I), we can assume that the magnitude of these weights reflect the importance of their corre-

sponding pixels towards the output.
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Figure 3.12: Li et al. [20] architecture for visual saliency detection using multiscale deep CNN features.

Unfortunately as identified in [142] the output function of a CNN is non-linear as opposed

to the above formula, so in order to calculate per-pixel importance using weights w the proposal

made by Simonyan et al. was to instead approximate Sc(I) by computing the first-order Taylor

expansion:

Sc(I)≈ wT I +b (3.4)

Where, as stated in Simonyan et al.’s work: w is the derivative of Sc with respect to the

image I at the point (image) I0:

w =
∂Sc

∂ I

∣∣∣∣
I0

. (3.5)

A more recent CNN-based method is BASNet [21], which focuses on outputting high-

quality boundaries that minimize the Intersection over Union (IoU) value between a boundary

built around an output salient object and a ground truth box, in addition to the overall accuracy

of the saliency map compared to a pixel-wise ground truth.

This is done by a U-Net like Encoder-Decoder network [32] which uses two CNN architec-

tures, the Encoder CNN which acts as a regular CNN producing high-level feature maps from

low-level input image features and the Decoder which takes the Encoder output and feeds them
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through a series of Up-Convolutional CNN layers in what can be seen as the inverse of the En-

coder, this allows the model to decode this context into a full-resolution output representation.

What makes this similar to U-Net is that for each matching pair of layers between the

Encoder/Decoder, the features from the Encoder are aggregated to the decoded features in

order to combine the context learned from the encoding stage with the low-level feature detail

generated from the decoding stage.

Figure 3.13: BASNet [21] architecture for boundary-aware salient object detection.

BASNet uses this architecture, which can be seen in Figure 3.13, to produce an initial

“coarse” saliency map, which is dubbed due to the tendency for these outputs to initially con-

tain blurry pixels along the boundary edges, this is then passed to a novel Residual Refinement

Module (RRM) which optimizes the saliency map by learning the residuals between coarse

and ground truth versions.

Deep Learning methods are now considered state-of-the-art in terms of calculating saliency

maps, however they have drawbacks as many of them rely on numerous amounts of pixel-wise

ground-truth labelled training data which is time consuming to generate especially for a large

variety of object classes and domains, also, many of these pipelines make use of pre-trained

CNNs, typically on ImageNet, meaning that although they can generalise well to images con-

taining features and objects seen in datasets such as ImageNet which are still state-of-the-art in

terms of generalisation, when introduced to more specific novel domains these methods may

struggle to translate [132].

3.3.2.2 Perturbation-based Methods

Perturbation-based saliency methods focus on recording changes in the value of a models out-

put function when certain regions of an input image are masked or blurred in some way, for

example if we were recording the class score for “dog” in an image containing a dog and then
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preceded to digitally remove it, we would expect that score to drop to almost zero. We can then

map these results to the pixels that were removed to indicate that they had a large effect on the

class score for “dog”, producing a saliency map.

Methods that are able to achieve this goal in a generalizable manner include Mask [22],

which learns image-specific perturbation masks that are able to reduce class score as much as

possible with as minimal overall perturbation as possible; an example of this can be seen in

Figure 3.14.

Figure 3.14: Taken from the Mask paper [22], we can see that by blurring the flute object within the
image (i.e. Perturbing the image), we can reduce it’s class score for flute from 0.9973 to 0.0007, from
which we can learn a “mask” which acts as a saliency map indicating the importance of the object to
classification.

Mask achieves this by carrying out two optimization “games”, deletion and preservation;

The deletion game consists of learning the smallest subset of an image, in the form of a deletion

mask m, that causes the classification score of a desired object class c within an image to drop

significantly, this is defined in their work as so, where fc is the classification function for class

c and x0 is the input image:

m∗= argmin
m∈[0,1]Λ

λ ∥ 1−m ∥1 + fc(Φ(x0;m)) (3.6)

The preservation game simultaneously learns the smallest mask subset that can retain the

classification score, and is defined as so:

m∗= argminλ ∥ m ∥1 − fc(Φ(x0;m)) (3.7)

Another method is RISE [23] (Figure 3.15), which uses monte-carlo sampling to produce

smaller binary masks that are then upscaled to generate N masks Mi of values within [0,1] for

an image I. By upscaling smaller masks, results in smoother masks that cover large portions

of an image rather than masking pixel-wise, as each pixel can influence model score so more

masks would be needed for good estimation.
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Mi are then multiplied against I to produce a new set of images I ⊙Mi. Each member of

this set is passed through the same deep model to produce a set of model output scores.

Figure 3.15: RISE [23] architecture for generating explainable saliency via linear combinations of loss
based on a list of masked perturbations of the image input.

By multiplying the binary masks Mi by their respective output scores, we produce weighted

masks that can be summed in order to create a saliency map describing pixel-wise importance

towards model score.

3.3.2.3 CAM-based Methods

The basis of Class Activation Map (CAM) methods is the recognization that a saliency map

could be generated using a linear combination of a global average pooled final convolutional

layer [24].

This can be seen in Figure 3.16, where the classification weights generated from the global

average pool are mapped back and multiplied by their corresponding activation maps, these are

then linearly combined into a saliency map, in this case the score system was for an image clas-

sifier hence the map represents the salience of pixels towards the classification of “Australian

Terrier”.

Grad-CAM [25] (Figure 3.17) was later proposed in order to allow a wider-range of models

using fully-connected layers (i.e. VGG) to make use of the CAM-based approach, it does this

by allowing an input image to be passed through CNN layers much like before and up to any

task-specific output layer, then, setting the gradients for a desired object class to 1 and all others

to 0, we backpropagate through the rectified convolutional feature maps of interest to combine

them into the visual explanation.

A method that combines the ideas of perturbation and CAM-based approaches is Score-
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Figure 3.16: CAM saliency [24]. Global average pooling weights are mapped back and multiplied by
their activation maps, which are linearly combined into the saliency map.

Figure 3.17: The Grad-CAM [25] architecture, here the desired output of the classification task is
backpropogated to the rectified convolutional feature maps of interest, which get combined to produce
the Grad-CAM heatmap. As seen in the figure, Grad-CAM also supports a guided variant by multiplying
the heatmap with the networks guided backpropagation.

CAM [26], which seeks an alternative approach to generalizing CAM saliency maps in the

form of using upsampled activation maps from the CNNs last Conv layer as perturbation masks

to be used on the input image which are then fed through the CNN to generate class scores for

each mask similar to RISE [23].

Just like with RISE, the scores for each are then mapped back and the final saliency map is

a linear combination of these masks.

58



3. Computer Vision Task Backgrounds and Applications for Waterborne Imagery

Figure 3.18: Score-CAM architecture from Wang et al. [26]. Initial activation maps are up-sampled to
produce Mi masks for an image I, after which it essentially mimics the RISE architecture, multiplying
the masks by I to produce I ⊙Mi, each produces a score which can be mapped back to the activation
maps and these can be summed to produce saliency.

3.3.3 Applications in Waterborne Imagery

Given that waterborne imagery are often sparse in terms of notable features, using image

saliency to detect areas/objects of interest is useful for reducing the computational needs of

onboard systems by allowing complex image algorithms to not waste resources on non-salient

features [27].

Albrecht et al. [27] propose a Visual Maritime Attention framework which uses a saliency

detector to find generic maritime objects, it does this through a combination of density, dissim-

ilarity and surrounding features with an additional detector for sea and sky background (Figure

3.19).

In Sobral et al. [28] there is also a focus on separating maritime objects from the back-

ground (Background Subtraction), here using double-constrained Robust Principal Component

Analysis (RPCA) on top of a saliency map.

Here, the saliency map is generated via a Boolean Map method [29] which is then used to

produce to inputs to RPCA, the first being a normalized saliency map called the object confi-

dence map and the second being a thresholded version of the map called the shape constraint,

the final foreground mask is then generated via thresholding the RPCA sparse component.

This helps to tackle the challenge in maritime imagery of water wakes and waves acting

59



3. Computer Vision Task Backgrounds and Applications for Waterborne Imagery

Figure 3.19: The Visual Maritime Attention framework [27], which uses associated edge (E), right an-
gle (RA), high frequency (HF), contrast (C) and colour (CL) metrics to calculate density (D), dissimi-
larity (X) and surround features (S). Additionally, a sea and sky detector which takes in a HSV-Colour
version of the image input is used, producing an 18-channel histogram with 20◦ separation, which is
trained via Naive Bayes Classifier. All four features are aggregated and Naive Bayes Classification is
used to get the final mapping.

Figure 3.20: By using an initial salience map to inform the generation of both a confidence map and
shape constraint, RPCA can be applied on top of these to produce a more refined segmentation for
maritime imagery [28].

as distractors for traditional saliency methods, such as Boolean Map method used standalone,

which was shown in Sobral et al.’s work to be distracted by such features:

On the first row of Figure 3.21, we can see that BMS saliency is distracted by the wake left

behind by the surfer on the left, whereas the RPCA method is more resistant to this. Second row

shows small but visible distractions in BMS across the water beneath perhaps due to shimmer

which RPCA is unaffected by, the final row also shows a distraction in BMS caused by the

approaching wave.

In other applications, for images centered around objects or sub-images built using generic
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Figure 3.21: From left to right: (a) shows three input images, (b) shows BMS saliency map [29] (c)
shows Ground-truth and (d) shows the RPCA method [28].

object and foreground detectors, we may want to apply image classification to label them more

specifically.

One work that uses this approach is Xiong et al. [143], where the task is to explain the

results of ship classifications using visual saliency, the researchers build a novel explainable

attention network that takes remote sensing input images from a bird’s eye view as input. The

explainable attention network is built using two main components, the Causal Multi-headed

Attention Module (CMAM) and the Filter Aggregation Mechanism (FAM).

The CMAM takes a feature map generated from CNN backbone as input and applies addi-

tional convolution to get high-level feature “attention” maps, after which a causal graph is used

to describe the relationship between the input image, attention map and predicted labels. After

the CMAM maps are multiplied by the CNN feature maps to create a new representation over

which the original CNN features are then summed over, the FAM is then applied to make the

resulting convolutional filters more explainable by filtering groups of filters based on distinct

object regions that they represent.

For imagery that falls within our domain of being captured from a vessel, Baesens et al. [30]

explore the use of Grad-CAM [25] for explaining Royal Navy ship classification on images

from the Wright and Logan photographic collection within the National Museum of the Royal

Navy, which had been vigorously labelled manually to include the name of the ship and the

type according to standard navy classifications (i.e. Destroyers, Battleships, Carriers etc.).

It was found that Grad-CAM saliency maps had great potential as part of a decision support

system for ship classification for curators and archivists, as the interpretable visual explanations
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Figure 3.22: Grad-CAM [25] outputs for a CNN classifier trained on the Wright and Logan photographic
collection within the National Museum of the Royal Navy [30]. In the top left, we see that Grad-CAM
successfully highlights the sail of the submarine, top right the aircraft carriers ramp is highlighted,
bottom left the minesweepers specialized equipment is highlighted and the bottom right describes a
large edge detection filter around the large dreadnought.

were able to align with the experts analysis of what components were indicative of certain

vessels.

3.4 Semantic Segmentation

Semantic Segmentation is a Deep Learning based Computer Vision task where the goal is

to output a segmentation map where each pixel is assigned a specific class label based on

some input image, as such it can be seen as an extension of image classification where in

addition to labelling we also aim to localize objects in a scene. This makes it a challenging

task as achieving a high score versus ground truth requires not only correct labellings but the

localization of these labellings must have pixel-level precision in order to minimize loss.

When done correctly, semantic segmentation provides an even stronger knowledge-prior

than most other Computer Vision tasks, as the segmentation map provides us with all of the

information that image classification and object detection otherwise would (i.e. objects, labels

and bounding boxes) with the added benefit of having all of this knowledge at pixel level

precision.

There are some early methods that do not depend on Deep Learning which require sub-

stantial training data including supervised random forests [144] and visual grammar [145],
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however most of the best performing methods would come later in the form of Deep Learn-

ing methods, which to this day maintain state-of-the-art performance on all publicly available

semantic segmentation datasets [146].

3.4.1 Fully Convolutional Networks

One of the first major successes in Deep Learning-based semantic segmentation was the Fully

Convolutional Network (FCN) proposed by Long et al. [31] (Figure 3.23), which replaced the

dense layers of a traditional CNN with convolutional layers so that instead of outputting a 1-

dimensional vector it would now output a 3-dimensional feature map. The FCN is considered

a cornerstone of Deep Learning-based Semantic Segmentation as it pioneered the ability to

modify CNNs in order to output dense predictions for semantic segmentation [147].

Figure 3.23: The FCN [31] uses convolutional output layers to produce a dense pixel-wise prediction
map in a supervised end-to-end architecture.

In order to make the FCN work by connecting the output layer back to the individual input

image pixels, the authors make use of interpolation based on the positions of input and output

cells by introducing deconvolutional layers, which upsamples a given input by a factor of f ,

where f is treated as a fractional input stride 1/ f .

Finally, the FCN makes use of skip connections between its earlier layers and later ones,

fusing the high-level semantic information learnt from the layers of the original classifier and

the appearance information learnt by the additional deconvolutional layers.

Later, Ronneberger et al. [32] would propose the U-net which is based on a modified and

extended FCN, here we now make use of two symmetrical yet opposite paths. The contrac-

tive path which acts like an ordinary CNN architecture with each “step” applying two 3x3

convolutional layers to double the feature channels before applying a 2x2 maxpool, the final
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output being a dense feature map not unlike the FCN, the expansive path is then made up of

steps that apply two 3x3 convolutional filters that halve the feature channels followed by 2x2

deconvolutional layers for upsampling.

Figure 3.24: The U-Net architecture [32] uses a symmetrical contractive/expansive fully convolutional
model in order to produce high-level semantic feature maps that can then be gradually upsampled into
classified spatial features. Between corresponding convolutions on either side are skip connections,
which re-introduce the semantic knowledge gained from the contractive stage to the expansive one.

As can be seen in Figure 3.24, between the convolutional layers of each step are skip

connections once again inspired by FCN, which allow the output of the 3x3 convolutional

layer from the contractive path to be appended to the first convolutional layer of the expansive

path.

Generally speaking, most Deep Semantic Segmentation networks are based on some form

of FCN, with other examples including DeconvNet [148], SegNet [149], PSPNet [35] and

Deeplab [150].

A more recent model from 2020 is the Parallel FCN [33], which aims to improve the low

resolution output of FCN by introducing an additional branch to the architecture in the form of

a holistically-nested edge detection network, which the authors define as a HED.

The HED in Ji et al.’s paper is based on the VGG network with fully connected layer and

final maxpool layer removed, images are passed through the remaining layers with multiple

“side-outputs” being retrieved at different points along the architecture, namely outputs from

layers conv1_2, conv2_2, conv3_3, conv4_3, and conv5_3.

Each side output effectively acts as an edge detection map at multiple image scales, these
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Figure 3.25: The Parallel FCN architecture from [33], the object segmentation branch is equivalent to
a normal FCN, the edge extraction branch uses multiple VGG convolutional side outputs to fuse into
a edge detection map. Outputs from these branches are then passed through a domain transform for a
more refined output

are then fused using a hybrid layer to fuse the edge maps into the final result.

With this in mind, the Parallel FCN architecture passes an input image through both the

regular FCN architecture [31] as well as the HED, producing an initial segmentation alongside

an edge detection map which are used to create a final output through a domain transform.

3.4.2 Deconvolutional Networks

Although deconvolutional layers are involved in almost all semantic segmentation models, the

original FCN only made use of it to connect dense feature maps to input pixels, with U-net

making use of DeConv mostly for upsampling. Since then, models built around using DeConv

as a key component for segmentation have been proposed, the first being DeconvNet [148]

(See Figure 3.26).

Figure 3.26: DeconvNet [32] makes use of a standard VGG-based CNN to output a dense prediction
output which is convolved and unpooled gradually to produce a semantic segmentation map.

Structure-wise, DeconvNet is not dissimilar to previous examples in that it follows the same
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two stage pipeline, with one stage using standard VGG16 CNN layers and the other using up-

sampling to produce the predicted segmentation map. However, there are a few key differences,

first, instead of being fully convolutional, the first stage produces a dense classification output

vector similar to more traditional architectures, second, this dense vector is upsampled using

two methods: “unpooling” layers and DeConv layers.

The unpooling layers for DeconvNet are similar to the 2x2 upsamples used by U-net, the

difference being that here we use switch variables which are recorded during the maxpooling

layers to store the locations that each value in the maxpool output were pooled from when

the 2x2 filter was applied to the layers input. These switch variables can be brought back in

the second stage for unpooling, allowing the pooled values to be reassigned to their original

position in stage one.

As a result of the unpooling process, the outputs from these layers are initially sparse in

appearance, in order to make these feature maps more dense DeconvNet applies DeConv layers

with learnt filters. As discussed with FCN, a DeConv layer works opposite of a Conv layer, so

instead of producing a single value from summed and weighted neighbouring pixels, DeConv

produces a dense neighbourhood from a single value. In DeconvNet the output feature map

is cropped at the end to maintain the same resolution as the unpooling layer output. Multiple

DeConv layers are applied for each unpooling layer, with lower layers capturing overall shape

and higher ones encoding more class-specific details.

In order to make the most of these class-specific details within the pipeline, DeconvNet is

built to be used for instance-level image segmentation, meaning for a given image we gather a

set of bounding box object proposals, perform segmentation on each of these proposal individ-

ually and aggregate results for the final output.

Another method that makes heavy use of the unpooling layer concept from DeconvNet is

SegNet [149], which proposed a familiar yet novel encoder-decoder architecture where the 13

Conv layer encoder was simply made up of the 13 initial Conv layers of VGG16, the output of

which is the maxpool output after the 13th Conv layer, making SegNet a fully convolutional

network once again. The decoder is identical in structure meaning each encoder Conv layer

and maxpool has an equivalent in the decoder with the difference being that the latter uses

unpooling as opposed to maxpooling. Both the encoder and decoders have individual trainable

filter banks for their convolutional layers.

In order to produce the final segmentation prediction, SegNet uses a trainable soft-max

classifier which works on each pixel independently, producing a K-dimensional image where
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K is the number of classes. The class with the maximum score for each pixel is the output

prediction.

Compared to two previously mentioned methods that have similar architecture, DeconvNet

and U-net, the authors of SegNet point out that, compared to the former, a lack of a fully

connected layer in SegNet drastically reduces the number of parameters that need to be trained

end-to-end, and, compared to the latter, SegNet does not make use of layer outputs from the

encoder stage for concatenation with decoder layers, U-Net also does not make use of switch

variables for determining the position of unpooled values.

A newer model, Contextual Deconvolution Network (CDN) [34], further improves upon

these models by introducing spatial and channel contextual modules into the typical decoding

stages of a Deconvolutional Network.

Figure 3.27: An illustration of the two contextual modules employed by CDN [34], (A) Channel Con-
textual Module and (B) Spatial Contextual Module

The aim of the channel contextual module is to retrieve contextual information across con-

volutional channel maps, given a feature map of dimensions H x W and channels C, we first

perform global pooling over H x W to obtain a channel descriptor of dimension Cx1x1, this

is then passed through a transform function which is similar to a regular convolutional mod-

ule, applying a conv layer to reduce dimension, ReLU to learn nonlinear interactions between

channels, an additional conv layer to increase dimensions and a sigmoid activation.

This produces a new channel descriptor S of dimension Cx1x1, containing contextual in-

formation between channels, this descriptor can be duplicated across the second and third

dimension to create a feature map of shape CxHxW where every element across HxW is equal

to S, finally we multiply this by the original feature map to get a new channel context aware
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feature map.

Spatial contextual module on the other hand is for gathering context of localized regions

across a feature map, this module does not perform global pooling but instead passes the feature

map to a different type of transform function, applying a conv layer with fewer filters for

dimensionality reduction and using ReLU as before but here the authors now apply a conv layer

with one filter to obtain a single channel map D of 1xHxW followed by a sigmoid activation.

This channel map is duplicated along the channel axis C times, so that we have a spatial

context feature map of matching dimensions to the original input with which to multiply by

and produce a spatially contextual feature map output.

These two are baked into the dense and compression units employed by Deconvolutional

Nets, allowing the network to achieve superior performance [34].

3.4.3 ResNet-based Fully Convolutional Networks

So far, most of the segmentation methods we have covered make use of the VGG16 CNN ar-

chitecture, however in addition to CNNs like VGG we also have access to more state-of-the-art

image classification alternatives, namely the ResNet architecture [151] which upon release was

able to overtake its competitors in the ImageNet Large Scale Visual Recognition Challenge,

2015.

ResNet or Residual Neural Network, is an architecture designed to combat the degradation

problem in CNNs, which is the phenomena whereby adding too many layers will eventually

cause performance on training data to saturate and degrade. It does this by using residual blocks

(Figure 3.28) which save the coming input before passing it through multiple convolutional

layers (two for ResNet), after which the output of these layers is aggregated with the initial

input via skip connections. By stacking many residual blocks, ResNet can become very deep

while achieving greater performance than models such as VGG.

A popular Semantic Segmentation that makes use of ResNet is PSPNet [35] or Pyramid

Scene Parsing Network, which was motivated by a known issue of traditional FCNs in that they

did not make sufficient use of global context priors for semantic segmentation. An example

given in the PSPNet paper that illustrates this is an image of a boathouse with a visible boat,

here the traditional FCN mislabels the boat as a car due to their similar features, however if

the FCN was able to use the global knowledge that the image depicts a boathouse, it may have

been able to more easily correct this mistake.

To remedy this, PSPNet, using ResNet with dilated convolutions [152] as a backbone to
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Figure 3.28: A residual block that takes an initial input x, passes it through various layers to get an
output F(x) which is then aggregated to the original x via the skip connection (noted here as ‘identity’).

ensure greater receptive fields for global feature gathering, produces a feature map that has

multiple different pooling layers applied to it in what is called a pyramid parsing module (Fig-

ure 3.29). Here, global context is gathered by pooling features of various sub-regions of the

image with each pooling layer in the module determining their size and number.

Figure 3.29: The PSPNet [35] architecture, which depicts the pyramid pooling module where outputs
from ResNet CNN are passed through four pooling layers of increasing feature map size. These feature
maps are convolved with a 1x1 filter, upsampled and appended to the CNN output.

In order to facilitate deep supervised training for its ResNet-based FCN, PSPNet applies

two losses to its ResNet101 backbone, the first being the main soft-max loss for training the

classifier and the other being an auxiliary classifier loss applied after the 4th residual block.

This auxiliary loss is allowed to pass through all previous layers along with the loss of the

main branch, helping to optimize the learning process, the auxiliary is balanced via weighting.

Another state-of-the-art model that made use of a ResNet backbone was DeepLab [150],

which also makes use of dilated convolutions (instead referred to as atrous convolutions here)

in order to increase the convoultional receptive fields without an increase in parameters, re-

turning an image size feature map via billinear interpolation. DeepLab inserts these atrous

convolution layers into the 4th residual block and uses them as part of its atrous spatial pyra-
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mid pooling (ASPP) scheme, which takes output feature maps from the ResNet backbone in

order to efficiently record object features of various sizes.

Once this is done, the features generated from the pyramid of increasingly dilated (atrous)

convolutions are applied resulting in equally shaped feature maps that are then convolved again

using a 1x1 filter so that their features can be summed before upsampling of the feature map as

a whole.

Additionally, the authors of DeepLab propose applying a fully connected conditional ran-

dom field (CRF) to the upsampled feature map in order to refine the segmentation result.

A more modern example is the Multi-path Residual Network [36], which was developed

specifically to tackle high resolution polarimetric synthetic aperture radar (PolSAR) data, MP-

ResNet uses the traditional FCN architecture with ResNet backbone fore encoding image data.

The main contribution of MP-ResNet is that it attempts to maximize the visual receptive

fields by using highly dilated convolutions while minimizing the loss of spatial information.

PSPNet also achieved this through it’s use of the pyramid parsing module, which applied dif-

ferent global pooling algorithms to the same CNN output to retrieve convolutional features at

different spatial scales, however the authors of MP-ResNet point out that achieving this effect

through pooling is not as effective as stacked convolutional features.

Figure 3.30: The MP-ResNet architecture [36], uses a standard FCN architecture with ResNet encoding,
after encoding 2, 2 additional branches form applying ResNet modules 3 and 4 to the encoding 2, 3 and
4 in different orders in parallel. These outputs are then fused in the decoding phase.

To make use of stacked convolutional features, MP-ResNet uses two additional encod-

ing branches after the second ResNet encoding block, these are arranged across the encoder

network such that all outputs from that point on are passed through the same amount of con-

70



3. Computer Vision Task Backgrounds and Applications for Waterborne Imagery

volutional layers. The outputs of each parallel branch are fused with one another during the

decoding process, this can be seen in Figure 3.30.

3.4.4 Applications in Waterborne Imagery

Given the use cases for the previous Deep Learning methods of maritime surveillance, object

detection and foreground-background separation, it is easy to see how semantic segmentation,

a task that acts as a super-set of object detection and image saliency, could also be leveraged to

gain a more spatially aware knowledge prior for waterborne image tasks.

In Cane et al. [113], deep semantic segmenters such as SegNet [149], ENet [153] and ESP-

Net [154] were trained on a sub-set of the ADE20k [155] dataset containing relevant maritime

based-imagery and ground truth labels such that they could then be applied to more relevant

test images in order to segment objects within the images for the purpose of object detection.

Despite not having access to an ideal training dataset, having to significantly cut down on

imagery from ADE20k due to it having a large focus on indoor scenery, all three methods

showed promising results when trained on this custom dataset.

For a more waterborne-specific segmenter, Bovcon et al. [37] propose the Water Segmenta-

tion and Refinement Network (WaSR), which uses a novel encoder-decoder architecture, with

the encoder generating deep features that are fused with the decoder and an optional Inertial

Measurement Unit (IMU) feature channel used to aid in the detection of the water-edge [156].

The IMU measurement encoder allows the model to use encoded inertial data to project the

horizon onto the image itself to aid in detecting the precise water edge, which is particularly

challenging for a convolutional encoder to detect alone as camera haze induced by weather

conditions or water obstructing the camera can blur feature maps around the true water edge.

The encoder is based on the segmentation backbone from DeepLab [150] which applies

atrous convolutions to ResNet101. The encoder uses the output of residual blocks 2, 3, 4 and

5 to leverage both the generalized, low resolution features from the later blocks with the more

fine high resolution information of the earlier blocks. These features are then passed to the

decoder where they are fused with information from the IMU encoder in order to refine the

final segmentation.

By fusing the segmentation features with the IMU data, WaSR eliminates faulty pixel clas-

sifications below and above the horizon line even when noticeable wakes appear, which intro-

duce unwanted contrasting features along the water, examples can be seen in Figure 3.32.
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Figure 3.31: WaSR architecture [37], encoder generates high-level feature maps that are fused with the
decoder, optional IMU feature channel provides assistance in detecting the visible water edge for more
accurate segmentation.

3.5 Human-Centered AI

Throughout this chapter, we have covered three fields of Computer Vision, Object Detection,

Image Saliency and Semantic Segmentation as methods for automatically identifying objects

of interest, highlighting areas of importance and classifying image content respectively.

However, when we make use of such methods we are also taking away control from human

users who, in the past, would have had to manually carry out said tasks themselves. This is

not necessarily a problem as long as the AI is making correct predictions at the same level or

greater than a human. In fact, for certain tasks, AI has overtaken humans in places such as the

image classification competition of ImageNet [157].

For other cases however, the AI can still make mistakes that otherwise could be avoided

through human intervention. This sentiment has recently motivated a growing community

of research known as Human-Centered AI, which aims to preserve human agency through

improving user understanding and control over AI tools [158].

To improve human agency, Human-Centered AI aims to always put the human first, such
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Figure 3.32: Each row depicts an input image and multiple segmentation maps output by several ar-
chitectures for land (yellow), sea (light blue) and sky (dark blue). From left to right we have an input
image, SegNet output, RefineNet output, WaSRWSL and WaSRWSSL. In columns 2 and 3 there are visible
errors within the outputs highlighting sky as sea or sea as land pixels etc. due to wakes, reflections and
weather conditions. Columns 4 and 5 show two sub-variants of WaSR, each of which is more resistant
to these challenging conditions.

that it is always the AI that serves them [159], however there are some clear problems that need

to navigated in order for this to occur.

One of these problems is the black-box nature of AI which includes Computer Vision

systems [160], when a user views the output of an Object Detection method for example, they

have no way of knowing exactly how the model reached this conclusion, as researchers we can

make some assumptions such as a CNN backbone identifying discriminative edge features but

even so we cannot fully interpret the models decision making.

Another issue is the previously mentioned lack of control, even when the user understands

the AI’s process they have no influence themselves on its decision making, the AI simply takes

an input and gives an output, making them somewhat static and therefore prone to repeated

error if not properly trained [161].

Here we will cover two Human-Centered AI approaches to tackle the above two issues;

Explainable AI [38] and Human-in-the-loop [162], particularly in the context of Computer

Vision.

3.5.1 Explainable AI

Explainable AI or XAI was a DARPA funding program made in 2017 [163], the goal of which

was to build AI systems that could explain their rationale to human users, such that the user can
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understand how the AI behaves and predict it’s future behaviour based on previous examples.

For Computer Vision, which usually consists of applying a Deep or Convolutional Neural

Network to input imagery to detect or classify objects and categories, explanations should in-

clude why the model believes an object is present or why it classifies an object with a particular

label [164].

In Xu et al. [38], two main branches of Explainable AI are defined; The first, Transparency

Design, focuses on exposing the inner workings of an AI model directly to improve the devel-

opers understanding, this includes visually modelling the structure of the AI (i.e. Presenting

the Neural Network node layout as a graph) and highlighting what intermediate outputs (i.e.

Node activations or Convolutional Outputs) occurred before the models final decision.

The second is Post-Hoc Explanation, which focuses on presenting reasons as to the models

output after it has been presented, to aid the end user. This can include textual descriptions of

why a decision was made, visual explanations via Image Saliency or an explanation based on

historical examples which show precedent for the models decision. A Figure depicting the use

of both these branches is presented in Figure 3.33 from Xu et al.’s paper [38].

Figure 3.33: Figure taken from [38] depicting the two branches of Explainable AI at work. Boxes
labelled a). b). and c). mark three ways in which a Neural Network classifier identifies an input as a
“horse”. Box a). depicts a graph showing highly activated neurons that lead to the output decision which
are mapped to the analysis in box b). indicating features that are often activated by these neurons to
give the developer knowledge through Transparency Design. Box c). then shows how this information
can be used to produce a Post-Hoc Explanation for the user.

In this work, I will later be focusing on end user experience with Deep VPR, as such the

Post-Hoc Explanation branch of XAI is of particular interest. For image data, one of the most
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common forms of explainable outputs is through the application of previously discussed Image

Saliency methods.

Handcrafted image saliency were originally designed to detect notable content for enhanc-

ing model inputs, however later deep methods, particularly perturbation and CAM-based ap-

proaches such as RISE [23] and Grad-CAM [25], are mainly designed to tackle explainability,

as their methodologies are performed post-hoc.

Figures 3.15, 3.17 and 3.18 in Section 3.3.2 of this thesis all show examples of how image

classifiers can explain which features in an image contribute to their decision-making.

In Chapters 5 and 8, I will present Score-CAM [26], which combines aspects of RISE and

CAM approaches, as a way of explaining Deep VPR outputs to users, this is enabled by the

versatility of Score-CAM which is shared with RISE due to neither method needing a specific

type of scoring algorithm to map feature importance, unlike Grad-CAM which was designed

to work with Image Classification class scores.

3.5.2 Human-in-the-Loop

For AI models, having access to prior knowledge allows them to make more effective predic-

tions on individual test samples without the need to generalise on a large corpus of training

data [165]. One of the best sources for prior knowledge are human experts, especially within

specialised fields (i.e. Medical) which require years of training to correctly interpret useful

information from [166].

Human-in-the-Loop is a system whereby a human provides input to an AI at some stage in

the pipeline, a common method is to give a human user access to the predicted output for them

to correct before passing it back through the model to promote optimization.

However, Human-in-the-Loop can take place outside of training, such as when a model

produces an intermediate output before prediction, in which case the user can be shown this

output, correct if necessary and pass it back to the model which can then produce an optimal

output.

Human-in-the-Loop is closely tied with Human-Centered AI, as it gives the human user

more direct control over an AI model. Examples include data integration and cleaning, where

data gathered from multiple sources can either label identical objects using different terms or

include errors in their formatting, both of which are easy for a humans to correct respectively

but can have a negative impact on the AI if left unchecked. These methods both work to

preemptively improve model accuracy by enriching the training data [167].
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Another way in which humans interact with AI is through annotated ground truth data,

which can often take more time to gather than it does to build the Deep Learning pipeline [168].

However, with modern AI making use of massive amounts of training data maintaining good

quality annotations across all instances may simply not be scalable, an effective compromise

then is to use Active Learning.

Active learning is a form of human in the loop where a pre-built algorithm or annotation

based AI model is applied to initialize training data annotation, then based on some metric

such as model uncertainty, particular examples are given to human users for re-annotation to

hopefully optimize the model in terms of accuracy and classification certainty [169].

In Chapter 8, we will introduce a Human-in-the-Loop method for Deep VPR that allows

users to view intermediate model outputs and edit them to remove errors for enhanced outputs,

a form of Active Learning carried out in previous works [170].
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4.1 Data Collection

In order to facilitate the work necessary to achieve our objectives, we required a waterborne

image set suitable for Deep VPR, meaning we needed images taken from a vessel traversing

some coastal shoreline and we needed multiple overlapping image sets taken at different times

for train/test evaluation. At the beginning of our work, the only open source dataset that came

close to our requirements was Symphony Lake [58], which depicted a bucolic environment

meaning it was waterborne but was not wholly suitable for testing methods that we would wish

to apply to maritime vessels.

Through collaboration with Marine AI Plymouth who provided assistance to our stake-

holders of the UKHO, we were able to produce a simple 2D image dataset for Deep VPR

covering the shoreline of Plymouth, UK. The resulting dataset, the Plymouth Sound Dataset

(PSD), provides seven similar yet differing traversals around the area known as the Plymouth

Sound.

4.1.1 Image Collection

Images were collected from the video feed of a multi-view camera system mounted on the

IBM/Promare Mayflower Autonomous Ship at 20 second intervals with the vessel travelling

at an average of 5-7 knots (2.5-3.6 m/ps). This means the density of image captures along the

traversals are more sparse when compared to other datasets such as Symphony Lake or Tokyo

24/7.

This was decided based on the fact that, visually, the visible shoreline would not change

much over shorter intervals given the large distances at play. With Plymouth Sound being

roughly 6km2, once out of port the boat would often be more than 1km from the nearby shore-

lines and landmarks.

Given this large area and relatively sparse capture rate, our radius of ground truth for each

image is set to 250m which is a large increase compared to the 25m used by NetVLAD for

Tokyo 24/7.

The multi-view camera system consists of six views with standard 2D image capture, in-

cluding one pair of cameras looking in the direction of the ships port and starboard and two

camera pairs looking out towards the bow and stern (See Right of Figure 4.1).

Images taken from cameras 0, 1, 2 and 3 have a resolution of 1920x1080, whereas camera

4 has a resolution of 1024 x 768 and camera 5 has a resolution of 1280 x 720. As mentioned
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Figure 4.1: Left: Image of the IBM/Promare Mayflower Autonomous Ship (MAS) which was used for
image capture with its multi-view camera system mounted. Right: Simple Diagram of the arrangement
of the multi-view camera system, each circle represents a single camera and ID.

previously, these were taken along seven similar but varying runs across the area of Plymouth

Sounnd, UK, with some runs only going so far as Cawsand Bay and others as far as Eddystone

Lighthouse in the English Channel south of Plymouth Sound:

Figure 4.2: Maps depicting the path of each run along the Plymouth Sound and beyond.

Before any post-processing is done, the total images contained for each run from top left

to bottom right are 4807, 5518, 6532, 6572, 6792, 6827 and 6858 for a total of 43906 images.

However, for a large period of time within these sets, the Mayflower Autonomous Ship would

be docked in Turnchapel Wharf with the cameras still on, sometimes overnight, meaning there

is a large spike in locational density around this location.

To remedy this, our post-processing uses the speed in knots field from the GNVTG data

recordings (Outlined in Table 4.2), to determine which images were captured while the boat

was moving outside of it’s docking zone based on if their speed in knots was greater than 0.5.
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From this group we took all samples, from those whose speed was less than 0.5 knots, we

take only a random sample of 1% to still have a small group of dockside images. The total

images for each run after this were 2760, 2268, 1380, 2382, 4224, 3066 and 593 for a total of

16673 images.

All images are stored in JSON files which include UNIX timestamp, color format, camera

ID and the image itself in base64 encoding, filenames begin with the UNIX timestamp followed

by an underscore followed by the camera ID.

4.1.2 Locational Information Collection

Locational Information was captured via the MAS’s onboard systems independently of our im-

age collection, all captured information is initially stored in a large text log containing rows of

data belonging to various navigational data formats. There are four main GNSS-based formats

contained within the logs indicated by headers at the start of each row, including GPGGA,

GNVTG, GNHDT and GPDZA whose contents are described in Tables 4.1, 4.2, 4.3 and 4.4

respectively.

For Place Recognition, the only data we needed access to out of these is the Latitude/Lon-

gitude information from the GPGGA logs to evaluate the distance between query images and

retrievals and thus determine success/failure. Knots values from GNVTG logs were also used

for filtering data captured while the MAS was docked/not moving so that we could focus on

images along the traversal only.

Before the log header for every row is a UNIX timestamp, these can be used to find match-

ing/closest timestamped logs for each image in order to merge them with the relevant data.
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Field Data Description Example
1 $GPGGA Log Header $GPGGA
2 UTC UTC Time 230000.00
3 Latitude Latitude (DDmm.mm) 5021.62020
4 Latitude Direction Latitude Direction N
5 Longitude Longitude

(DDDmm.mm)
00406.95436

6 Longitude Direction Longitude Direction W
7 Quality GNSS Quality 5
8 Satellite No. Number of satellites in

use
13

9 HDOP Horizontal Dilution of
Precision

0.9

10 Altitude Antenna altitude above/-
below mean sea level

0.78

11 Alt Units Unit of measurement
for Altitude (i.e. M for
Metres)

M

12 Undulation The relationship between
the geoid and the WGS84
ellipsoid

52.60

13 Und Units Unit of measurement for
Undulation (i.e. M for
Metres)

M

14 Age Age of correction data in
seconds

008

15 Station ID Differential base station
ID

0381

Table 4.1: GPGGA Data Format

4.2 Dataset Features

Being one of the first open source datasets that we know of covering a large distance water-

borne area, images in our dataset present a host of unique features when compared against

urban imagery. Generally speaking, with the exception of images taken around Turnchapel

wharf which depict a more urban port environment, our images feature more sparse locational

information compared to those taken on land, many images may even contain no features if the

camera was pointed towards the sea when it was captured.

Most locational features appear just above the visible horizon, that being the nearby shore-
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Field Data Description Example
1 $GNVTG Log Header $GNVTG
2 Track True Track made good, de-

grees True
210.812

3 T True track indicator T
4 Track Mag Track made good, de-

grees Magnetic
210.812

5 M Magnetic track indicator M
6 Speed Kn Speed over ground, knots 5.047
7 N Nautical speed indicator

(N = Knots)
N

8 Speed Km Speed in kilometres/hour 9.346
9 K Speed indicator (K =

km/hr)
K

10 Mode Indicator Positioning system mode
indicator

D

Table 4.2: GNVTG Data Format

Field Data Description Example
1 $GNHDT Log Header $GNHDT
2 Heading Vessel heading in degrees 202.2537
3 T Indication that degrees

are True
T

Table 4.3: GNHDT Data Format

Field Data Description Example
1 $GPZDA Log Header $GPZDA
2 UTC UTC Time 230000.00
3 Day Day in XX format 29
4 Month Month in XX format 03
5 Year Year in XXXX format 2022

Table 4.4: GPZDA Data Format

lines of Plymouth Sound, Rame and some of Whitsand Bay. Each run is taken on subsequent

days to ensure variable weather conditions between image sets for more robust Place Recogni-

tion evaluation.
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4.2.1 Perspective Changes

As mentioned previously, images were captured simultaneously from the multi-view camera

system aboard the MAS at fixed intervals, meaning every image has a corresponding set it is

associated with giving the user a view of all directions depicted in the right of Figure 4.1 at the

time of capture.

Figure 4.3: An image set from MAS’s multi-view camera system. Top row (left to right): Images from
camera ID 0, 1 and 2. Bottom row (left to right): Images from camera ID 3, 4 and 5

This gives users the opportunity to either treat each image as an individual retrieval problem

for Deep VPR or to use the set for each location. For simplicity sake, in this thesis we treat

every image as an individual during training and testing stages, however as each image is

labelled with the same UNIX timestamp they can easily be grouped together for multi-view

image retrieval.

As each run has a different traversal path (See Figure 4.2), certain key locations are cap-

tured from alternative locations across the entire image set, introducing additional perspective

changes on top of those produced by the vessel looping back to the starting position in each

run.

4.2.2 Appearance Changes

In addition to changing perspectives between runs, different weather conditions on each day

a run was captured on provide varied images of similar locations (and thus positions), for

example see Figure 4.5 below where we show Fort Picklecombe, a notable building around the

western shore of Plymouth Sound:

There are also more notable weather differences between particular runs, for example run

7 which is not depicted above, was captured during a heavy fog and as such has no/limited
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Figure 4.4: Top Row: Images of the Rame’s Head taken from run 1 during the MAS’s embarkment (left)
versus disembarkment (right). Bottom Row: An additional embarkment/disembarkment image pair of
the Rame’s Head from run 4.

Figure 4.5: Similar views of Fort Picklecombe from runs 1-6, between these there are small differences
in hue caused by cloud coverage as well as greater differences caused by fog such as in run 3 (Top
Right).

visibility of shoreline features, this fog also informed the MAS to disembark earlier than other

runs for safety reasons. On the flip-side, images from run 2 are relatively clear as the weather

was clear that day.

4.3 Availability

The dataset has been made open-source by Marine AI Ltd. under the name “MSubsLtd-

Mayflower-USV-Imagery” and can be found on Kaggle using the following link:
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Figure 4.6: Top Row: Images from Run 2 (03-31-2022) which were taken during exceptionally clear
weather. Bottom Row: Images from Run 7 (04-14-2022) which were taken during heavy fog.

https://www.kaggle.com/datasets/marineailtd/msubsltd-mayflower-usv-imagery, there are no

copyrights associated with this repository.

It contains the data collected from the seven runs presented in this paper in folders labeled

with the date of capture, within each folder are the images we produced after post-processing,

along with a CSV file containing all locational, speed and heading data gathered from the data

formats described in Section 4.1.2 for each image.

4.4 Challenges

4.4.1 Overabundance of Non-discriminative Features

Previously, we described the issue of sparse locational information (i.e. Visible shoreline),

because of this we run into an additional inverse issue, an overabundance of non-informative

information, sea and sky. It is not difficult to see that, as categories, “sea” and “sky” are not

useful, discriminative features for visual place recognition.

In Figure 4.7, we can see that, after applying the WaSR segmenter to all images in our

dataset, the average percentage of pixels belonging to land across all images is far lower than

both sea and sky, with the last category being the most dominant.

Sea (Or “water”) as an image feature captured from a non-aerial position only serves to

create a buffer zone between the bottom of the image and visible shoreline in the middle, the

only locational information one can derive from the presence of water is that the image is likely

taken from a vessel, but seen as this information is already known to us when considering the
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Figure 4.7: The average % of pixels within Plymuoth Sound Dataset images belonging to the land, sea
and sky categories defined by WaSR semantic sgementation.

Plymouth Sound dataset, it is of little to zero value.

This would only present a minor inconvenience if sea were a constant, invariant image

feature, but this is not the case. Waves and fast winds can cause the “texture” of the sea to

change in the image introducing natural variance between shoreline imagery, this can be seen

in Figure 4.5. When a vessel moves across an image, or when taking imagery from behind the

capture vessel, wakes are produced in the water which introduce new edge features along the

water [113].

Sky is very similar, it tells us little to nothing about where we may be located geographi-

cally and clouds, fog and time of day greatly impact it’s visual composition, introducing vari-

ance between locational imagery, an example of this can be seen in Figure 4.6.

In Chapter 7 we will cover three solutions relating to this challenge, all of which are de-

rived from using a semantic segmentation model for identifying sea, sky and land pixels, then

leveraging this knowledge to promote features belonging to the land category, exclude regions

containing minimal land pixels when extracting local feature descriptors for SSM-VPR and

only analysing spatial features along the top edge line of the largest land pixel “object” ex-
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tracted via semantic segmentation.

4.4.2 Obstructions

In terms of obstructions, there are three main challenges, firstly, in images from the front-facing

cameras of the MAS, the bow of the vessel becomes visible and can act as a distractor, this is

the least problematic as we can simply crop out this bottom section of the image, which also

reduces the amount of water.

Secondly, in images captured by cameras facing the stern, an observation vessel follows

the MAS along its travel path, likely for safety reasons, this provides a consistent obstruction

which is both a negative and a positive, as it opens opportunities for boat detection and erasure

experiments.

Thirdly, the camera is obstructed in some runs, typically those in harsher weather, by a

layer of water. This blurs the cameras view of the surroundings and makes features difficult to

extract via CNN architectures due to the removal of distinctive edges.

Figure 4.8: Top Row: Images facing the bow of the MAS which acts as a distractor. Middle Row:
Images facing the stern containing the observation boat accompanying the MAS. Bottom Row: Images
from run 3 which had the camera obstructed by water.

Unfortunately, in this work, we did not have sufficient time to work on this challenge area,

as such solutions to these challenges are left to future work.
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5.1 Introduction

This work seeks to prove the viability of unmodified state-of-the-art CNN-based Deep VPR for

waterborne imagery by comparing quantitative results from a set of land-based image sets to

waterborne image sets. In addition, saliency maps generated by Score-CAM [26] for retrieved

images are shown, which are calculated by substituting the typical classification loss used to

weight salient features with the euclidean distance between query and retrieval image.

Place Recognition has been a topic of interest within the fields of robotics and autonomous

cars for many years, however, with the emergence of state-of-the-art deep learning pipelines,

previous benchmarks set by older hand-crafted methods have been vastly improved upon. This

has helped to re-invigorate research into place recognition for autonomous navigation using

new state-of-the-art Deep VPR models.

However, across most of this Deep VPR research the imagery used for training and testing

is land-based or urban in nature, meaning they are typically captured from the point of view of

a land vehicle, most commonly some type of car. Datasets belonging to this category include

the KITTI dataset [171], the Berlin datasets [67] and Nordland [172].

Developing Deep VPR pipelines for the land domain is of course greatly important, but

it is important to consider other potential domains also. More specifically, this work seeks to

extend the field of Computer Vision to the waterborne domain, where autonomous navigation

has also become a topic of great interest due to Deep Learning now offering what may be seen

as a feasible implementation of such a system [42–44].

With this in mind, can current state-of-the-art approaches work on waterborne imagery?

Most Deep VPR pipelines are almost unanimously built on top of a CNN backbone [5, 6, 73,

74, 76] such as VGG [69], in addition these tend to come with pre-trained weights which are

most commonly learnt from ImageNet [124] or sometimes from a more location-based dataset

such as Places365 [173].

For waterborne imagery, ImageNet weights are unlikely to translate as on the water indi-

vidual objects are much more sparse than on land and the greater distances between camera

and visible features means that geometry becomes more reliable for identification. Places365

provides a more useful initial backbone then, but even still there may be common structures

and challenges within waterborne image scenes that this dataset does not train for.

By presenting novel saliency maps for the output retrievals, this work presents a more

interpretable look into what features between the land and waterborne domains are valued by

the Deep VPR model in order to inform further adaptations.
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5.2 Proposed Approach

I propose a quantitative evaluation of a current state-of-the-art pre-trained CNN-based Deep

VPR pipeline on two types of imagery, land-based imagery and waterborne imagery, with

the latter being defined as imagery captured from a waterborne vessel. I propose the SSM-

VPR model [5] as the chosen pipeline due to, as during 2019-2020, when this research began,

this method was achieving state-of-the-art results on a variety of VPR datasets, outperforming

previous state-of-the-art methods such as NetVLAD [6] and Region-VLAD [57].

Following this work, the SSM-VPR model has continued to be a highly effective and rele-

vant Deep VPR approach, being cited in works such as Masone’s 2021 Deep VPR survey [82]

who recognized the pipelines spatial matching method as a prime example of non-geometric

re-ranking, Tsintotas’ 2022 survey on visual loop closure detection [174] and Sousa’s 2023

literature review on long-term localization and mapping [175], where SSM-VPR was still cited

as an example of VPR models using convolutional layers achieving impressive benchmark

results.

In addition, I propose a novel Deep VPR-based visual saliency output for suggested re-

trieval images in order to explore the application of traditionally classification-based explain-

able AI to the field of place recognition. The expected outcome of this is for salient features

in a retrieved image to represent what features are shared between itself and the query, this

should give us additional insight into the inherent differences between the two image domains

by highlighting what features are most highly activated across each.

To achieve this novel salient output, I use the Score-CAM [26] method, both because it has

been proved to achieve state-of-the-art results in the field of explainable AI when compared

to its predecessor Grad-CAM [25], and also because it does not require gradients in order to

work which is essential for use with SSM-VPR as the pipeline is technically unsupervised and

as such gradient-based methods could not be applied.

5.3 Method

The proposed method consists of applying the SSM-VPR architecture to several test folds

from both land and waterborne place recognition datasets, Precision-Recall curves are drawn

for each fold and compared to see if SSM-VPR can achieve similar performance. Afterwards,

qualitative analysis is performed using Score-CAM on the retrieved images via a novel com-

putation to highlight areas of similarity and high activation.
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5.3.1 Datasets

5.3.1.1 Land-based Dataset

My chosen dataset for land-based imagery are the Berlin image sets which come in three folds

representing individual locations within the city, that being Kudamm, Halenseestrasse and the

A100. For each fold a training and testing image set is provided which cover the same path

through each location taken from different viewpoints. These provide three separate land-based

image sets for PR-Curve comparison, each of which have a consistent style of image capture

between them while also having a good deal of variety.

Figure 5.1: Examples of ground truth image pairs of the same within the three Berlin image sets. Top
Row: Halenseestrasse. Middle Row: Kudamm. Bottom row: A100.

For evaluation, the training images are stored within the Deep VPR search-space while the

test images are used as image queries.

5.3.1.2 Waterborne Dataset

At the time this work was carried out, the Plymouth Sound Dataset had not yet been captured

due to COVID-related interference, as such I sought open source image sets suitable for Place

Recognition evaluation, ‘suitable’ in this case being a dataset that contains images from a
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similar traversal over different time periods in order to evaluate the models ability to identify

key locations under multiple perspectives and conditions.

The open source dataset that most closely matched this criteria while still being Waterborne

was Symphony Lake [58], which contains a multitude of traversals along the banks of the

associated lake in Metz, France. Although this dataset more specifically depicts a bucolic

environment [176] as opposed to a shoreline/sea environment, this acts as a good stepping

stone for testing viability of Deep VPR on the water.

Figure 5.2: Example Images from Symhpony Lake dataset. From Top Row to Bottom: Images taken
from 2014, 2015, 2016 and 2017.

As the dataset was collected and stored as a set of sub-folders of image sets based on the

day they were collected through 2014-2017, four folds are built for all image examples from

each year, allowing us to use leave-one-out cross validation.

However, the initial size of this dataset is much larger than the Berlin image sets due to

the higher capture frequency and the amount of runs, to bring this more inline I sub-sample

images from each yearly fold to limit them to just 2500 images, this also introduces more

variance between samples as each individual could be taken months apart despite being from

the same location.
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5.3.2 Architecture

5.3.2.1 SSM-VPR

SSM-VPR is a two-stage Deep VPR pipeline presented by Camara et al. [5]. The pipeline uses

VGG16 as a backbone, with the Conv5_2 and Conv4_2 layers being used as output feature

maps to be fed into stage 1 and 2 of the SSM-VPR pipeline respectively.

Figure 5.3: A diagram of the overall pipeline of SSM-VPR, including Stage 1: Image Filtering and
Stage 2: Spatial Matching.

Before retrieval can take place, the search space must be built from an initial image set, the

search space takes the form of two search databases for each stage. For stage 1, which focuses

on semantic information extraction, Conv5_2 feature maps based on input images to the CNN

have a sliding window method applied with stride 1, for each region of the feature map that

falls under this window, its values are normalized along the filter axis and concatenated into a

large vector which is dimensionally reduced via PCA down to 100 channels as done so in the

original SSM-VPR papers [5, 88].

This vector is then stored inside the Image Filtering Database (IFDB) alongside all other
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vectors extracted from the feature map via the sliding window, with a complementary Image

ID Database which tracks the initial input image ID that each vector was extracted from.

Stage 2 applies a similar sliding window based vector extraction method, the key differ-

ences being the larger resolution of the feature map produced by VGG16 Conv4_2 and the

much smaller size of the sliding window for this stage. This results in each vector record-

ing much finer spatial information across the input image and these are stored in the Spatial

Matching Database (SMDB), with its own Image ID database to keep track of image-vector

relationships.

It should be noted that for both stages, PCA is initialized by extracting stage 1 and 2 vectors

from random sub-sample of 250 images, which produce sets of feature vectors generated by

stage 1 and 2 extraction that can be further sub-sampled to 2000 flattened vectors (For stage

1 and 2 vectors each) which are then used to initialize two individual PCA models for stage 1

and stage 2 dimensionality reduction.

Once the IFDB and SMDB are built, query images can then be passed through and have

retrievals suggested via the whole two-stage pipeline. Stage 1 once again extracts several

vectors from the query, then, in order to get a set of image candidates, a histogram with bins for

each individual image within the search space is built. For each query vector, top N candidate

vectors are retrieved from the IFDB via a euclidean distance based search and search space

images associated with those candidates receive a point on the histogram, once all query vectors

have been used for search the histogram is sorted into descending order and the top N images

form an initial candidate list.

Given this list, stage 2 vectors are then extracted from the query image and the candidates

vectors are acquired from the SMDB, for the query and each candidate their array of vectors are

reshaped into a 2D vector array with the order being equivalent to the order in which the vectors

were extracted via sliding window. A new histogram is made with each bin representing one

of the stage 1 candidates.

Then a process known as spatial matching (See Figure 6.10) is performed, where for each

candidate, anchor vectors are then identified between itself and the query, then, for each anchor

pair, spatially equivalent vectors around the anchors are compared in order to measure spatial

consistency. Every time these vectors are found to be a closest match, the candidate receives

a point on the new histogram, after all checks are completed the histogram can once again be

sorted into descending order, being used to re-rank the candidate list.
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Figure 5.4: Figure inspired by the original paper [5]. A simplified representation of the spatial matching
stage for a grid of query and retrieval vectors, taking a pair of anchor points between the two, their
surrounding vectors along the row and column should also match if the features are spatially consistent.

5.3.2.2 Score-CAM

Score-CAM is a CAM-based saliency technique that focuses on identifying salient regions in

an image through linearly weighted combinations of CNN activation maps. Score-CAM works

by passing an input image through a CNN to generate a list of feature map filters, these filters

are then upsampled and normalized to be used as masks for the input image, these masked

images are then passed through the pipeline and a set of scores corresponding to each mask is

generated.

Figure 5.5: Score-CAM architecture from Wang et al. [26].
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This method has several advantages over it’s predecessors in that it does not require any

gradients and does not need to generate random masks, instead directly utilizing activation

maps. Score-CAM has been shown to improve over previous methods such as RISE, Grad-

CAM and Grad-CAM++ according to the deletion and insertion curve metric (i.e. The decrease

and increase of prediction scores when weighted areas are removed/added from the images

respectively).

While exploring implementations of Score-CAM, I encountered the tf-keras-vis code

repository (https://github.com/keisen/tf-keras-vis), which implemented various saliency based

methods in Tensorflow 2.0, including a modification of Score-CAM known as Faster Score-

CAM.

Faster Score-CAM is an augmentation method for Score-CAM created by S. Tabayashi

(https://github.com/tabayashi0117/Score-CAM), which limits the number of filters used for

masking by ranking them in order of standard deviation and only taking the top k filters.

The method is influenced by Channel Pruning [177], whereby channels with constant value

and thus low standard deviation can be identified and pruned from the list of activation maps

used to generate the Score-CAM saliency map.

This benefits the final output as these more constant valued activation maps are not allowed

to saturate the saliency values across the whole image, thus preventing specific features and

structures from being highlighted.

Coincidentally, we found that this was an issue with the localization imagery which Faster

Score-CAM was able to alleviate, thus we chose to make use of this novel approach.

For the SSM-VPR pipeline, I modified the formula so that the mean squared error between

the array of SSM-VPR stage 1 vectors generated by the query and masked versions of the re-

trieval image are used as weights rather than class score, theoretically similar features between

two images should minimize the distance between a query and positive image, so in this case

any masks that increase an MSE loss between the two would indicate that an important feature

was contained within the area covered by the mask.

5.4 Comparative Analysis and Results

I carry out a quantitative evaluation of the SSM-VPR model when applied to test folds from

both datasets, each Berlin image set is treated as a simple train/test pair whereas the Symphony

Lake image sets are divided into four leave-one-out cross validation folds where each test fold

represents images from one year as described in my method.
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Figure 5.6: A simple diagram of Score-CAM adaptation for SSM-VPR. Top Row: A Query and Re-
trieval Image pair. Second Row: Retrieval Image is passed through CNN to get feature map filters.
Third Row: The Retrieval is multiplied by these filters to produce masked versions, these are passed
through the Deep VPR pipeline to obtain vectors for each masked image. Bottom Row: A distance
metric is calculated between each masked vector and the queries vectors and used to weight the masks,
the linear combination produces the saliency map.

This evaluation uses the precision-recall curve with an associated Area under curve (AUC)

metric to measure overall performance on each test fold, as well as a Precision@TopK curve.

A retrieval was considered a true recall if it fell within an acceptable radius of the query, the

curve represents the change in these statistics as recorded retrievals are thresholded based on

their prediction score, from maximum to minimum.

For now, I follow the same metrics for Precision and Recall as used in the SSM-VPR

paper [5], where only the top retrieval is counted as the final output, precision is equal to
TruePositive

TruePositive+FalsePositive whereas recall is equal to TruePositive
TruePositive+FalseNegative . In essence, for each

score threshold I calculate the mean average precision metric for only the top retrieval results

(mAP@1).

Finally, I also perform a visual observation of the query/retrieval outputs of each domain

along with Score-CAM outputs in order to gauge general areas of saliency within the two

image domains.
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5.4.1 Quantitative Analysis

Here I present the quantitative results when applying SSM-VPR to my test folds from both

land and waterborne domains in order to compare them against one another. The following

figure 5.7 shows two statistics; PR-curves and Precision @ Top K.

Figure 5.7: Left: PR-curves for Berlin and Symphony lake test folds. Right: Corresponding Precision
at Top K curves.

Results in Figure 5.7 for the three Berlin image set test folds are consistently high as

was expected, with each dataset maintaining a precision of 1 up to recall 0.8 for Kudamm,

0.6 for Halenseestrasse and 0.3 for A100, Kudamm is the most impressive with an AUC of

0.976 with A100 having the second highest AUC of 0.861 despite initially dropping off before

Halenseestrasse, mainly due to it maintaining more of it’s precision after the initial drop off

compared to Halenseestrasse which dips more sharply.

The results for each KFold of Symphony Lake are also high, having a more pronounced

initial dip around precision 0.9 compared to the Berlin folds before becoming more stable and

gradually progressing downwards before an expected sharper drop near 0.8 to 1.0 recall.

The more volatile curves of the Berlin datasets are likely a result of them having fewer

query images to retrieve, meaning being able to retrieve individual images or small groups

within the same area can cause sudden noticeable shifts in the curve, whereas the Symphony

Lake datasets, even after sub-sampling, have much more query images in general as well as

them being placed more densely. As such, these curves appear much smoother.

A major takeaway from these curves is that regardless of exact values and overall stability,

each fold followed a similar pattern to one another, from which we can deduce that Symphony

Lake images being waterborne did not have any unique impact on the Deep VPR models ability
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to retrieve them.

The Precision at Top K curves are quite straightforward to interpret, increasing the number

of candidates in stage 1 of SSM-VPR will always have a positive effect on all datasets up to

K=10, after which the model experiences diminishing returns.

However, Berlin Kudamm has a noticeable dip compared to the other datasets for this

statistic whereas in the PR curve it appears similar. This is likely because, as noted in previous

works [5,57], Kudamm is a particularly challenging dataset among the three Berlin sets due to

distracting dynamic objects and the urban environment.

As for why the PR curve appears strong by comparison, remember that the PR curve anal-

ysis always made use of 10 Top K candidates before re-ranking hence the results will be more

in line with the precisions seen on the far right of the Precision at Top K in Figure 5.7, and, at

the highest score threshold, are able to surpass this precision albeit with lower recall.

This is because more stage 1 candidates allows SSM-VPR to re-rank them using the spatial

matching methodology, without which we can see in the right plot of Figure 5.7 there is a clear

minimum of precision at K=1, with each dataset fold having the largest jump in precision once

a second candidate was introduced (K=2) and thus re-ranking began to be performed.

5.4.2 Qualitative Analysis

Here I show examples of queries from the Berlin and Symphony Lake image sets alongside

their retrievals. After this I will show what features/areas of the top retrievals are highlighted

as being salient by Score-CAM.

In figure 5.8 all three queries have a top-scoring ground truth retrieval followed by less

accurate retrievals as the retrieval rank decreases down from 1st to 3rd place, which is to be

expected from a Deep VPR pipeline, with that in mind, let us see what features in the top

retrievals were considered salient using Score-CAM:

When looking at the saliency, Score-CAM tends to weight areas containing similar objects

between the query and retrieved positive quite well, although for the result in row 2 of figure

5.9 there is far too much focus on the biker, which would indicate that some of the activation

maps are vulnerable to being distracted by obstructive objects.

In order to get these mappings I had to reduce the number of activation maps used for the

masks using the Faster Score-CAM to 10, as using too many would cause the saliency map to

appear too broadly saturated, implying that for localized imagery only a small handful of high

deviation filter maps are useful for human interpretability.
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Figure 5.8: 3x4 Table depicting a series of queries and associated image retrievals row-by-row from
the Berlin Halenseestrasse image set. First Column: Image Queries. Second-Fourth Column: 1st-3rd
highest scoring retrievals for each query.

Moving on to Symphony Lake, Figure 5.10 shows that although landmarks are generally

more sparse in this domain, for each query the rank 1 through 3 retrieval images are all ground

truth if not near, although this may be helped by the higher density of Smyphony Lake samples

even after downsampling the dataset.

Finally, Figure 5.11 shows the Score-CAM saliency results when applied to the 1st place

retrievals from Figure 5.10, results for this are promising as the saliency consistently highlights

notable features along the top of the visible landline within each image, including buildings

and recognizable tree lines. These results are quite promising and could greatly aid in making

SSM-VPR’s decision making process more interpretable to end users.

5.5 Summary

In this work, I demonstrate the performance of a modern deep visual place recognition archi-

tecture on a waterborne dataset, and, compared it to the models performance on traditional

land-based datasets to gauge it’s viability to perform waterborne place recognition.

Through quantitative analysis, I conclude that given ample data, deep VPR architectures

can perform just as well on small-scale waterborne datasets as their land-based counterparts,

with concerns regarding the lack of man-made structures and over representation of vegetation
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Figure 5.9: 3x3 Table depicting Query Images (First Column), their rank 1 retrievals (Second Column)
and the result of applying Score-CAM to the rank 1 retrievals (Third Column).

largely being addressed, as SSM-VPR is perfectly capable of matching images containing just

simple banks and vegetation across different angles, seasons and lighting conditions.

I also aimed to show the potential of explainable AI when applied to both domains, Score-

CAM performs quite well despite the task-based shift to place recognition as opposed to image

classification explainability, with the Faster Score-CAM filter map selection method being

key in acquiring interpretable saliency maps. However, reducing the number of filters used

for masking by such a large degree means that some information may be getting lost, so a

refinement of the algorithm for calculating place recognition saliency may be necessary.

Although Symphony Lake is a good starting point for waterborne imagery due to its overall

image capture density along the area as well as the frequency of runs over four years, it is still

technically more of a bucolic image set compared to the larger shorelines I wish to explore.

This means it does not contain certain challenging features that one would encounter in a

more long-range shoreline image set such as camera water obstruction, movement of the boat

influencing the camera angle and variable atmospheric visibility.

As such, follow-up work would focus on building an open-source shoreline image dataset

to further test deep VPR’s potential in the waterborne domain and look into improved ways of

integrating saliency map techniques into SSM-VPR’s architecture to improve explain ability.
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Figure 5.10: 3x4 Table depicting a series of queries and associated image retrievals row-by-row from
the Symphony Lake image set. First Column: Image Queries. Second-Fourth Column: 1st-3rd highest
scoring retrievals for each query.

Figure 5.11: 3x3 Table depicting Query Images (First Column), their rank 1 retrievals (Second Column)
and the result of applying Score-CAM to the rank 1 retrievals (Third Column).
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6.1 Introduction

Having acquired an in-house waterborne image set (See Chapter 4) after my work in Chapter

5, I propose a novel Deep Visual Place Recognition pipeline that minimizes redundant feature

extraction and maximizes salient feature extraction.

My approach is largely informed by the unique nature of waterborne imagery, namely the

tendency for salient land features to make up a minority of the overall image, with the rest

being disposable sea and sky regions. I initially attempt to exploit this via unsupervised region

proposal, but I later propose a horizon-based approach that provides improved performance.

To that end, I present quantitative results from a set of experiments with the Semantic and

Spatial Matching Visual Place Recognition (SSM-VPR) pipeline [5] that attempt to maximize

performance on the Plymouth Sound dataset. I modify SSM-VPR into a set of separate versions

and apply each to test folds based on Plymouth Sound as well as the Symphony Lake dataset

[58] to facilitate a comparison between shoreline and bucolic waterborne imagery.

I modify SSM-VPR in a number of ways, finding that the most effective modification

of the pipeline for dealing with shoreline imagery is to encourage structural consistency of

features along the visible horizon between a query and retrieval, creating a novel pipeline

dubbed Semantic and Horizon Based Matching Visual Place Recognition (SHM-VPR).

Before SHM-VPR, I theorized that unsupervised region proposal could also aid in lim-

iting the pipelines feature perception to important shoreline features, perhaps being able to

mimic real world navigation techniques where landmark identification is preferred over a more

computer-like brute force search. I experiment with two separate unsupervised region proposal

methods, Selective Search [13] and a saliency-based method proposed by Vo et al. for their

rOSD paper [127].

My SHM-VPR method uses a similar procedure as the WASABI network [176] in that it

extracts a semantic line from visible land, the locations of which are predicted using semantic

segmentation. As the only major semantic class of interest for us is “land” and the image

domain is waterborne, I make use of the WaSR segmenter [37] which is purpose built for such

a domain and classifies pixels as land, sea and sky.

WaSR also allows us to predict which images are largely devoid of land information, this is

useful as images that fall into this category (i.e. Open Sea) are not suitable for place recognition

as they lack enough information to be reasonably retrievable. The main issue this creates is

that when provided to Deep VPR as a query image these examples will artificially reduce the

pipelines metric scores, as they will most likely result in a set of false positive retrievals.
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This makes proper quantitative analysis difficult as it offsets the metrics, manually labeling

all images containing little to no land information could be an option, but this would require

significant time investment and may not be scalable, WaSR however allows us to get a predicted

percentage of land pixels within each image automatically and thus helps to solve this issue,

allowing us to filter allowed query images by thresholding them based on land pixel percentage.

Ultimately, I find the SHM-VPR pipeline to provide state-of-the-art results on the Plymouth

Sound image dataset, although it is a domain-specific pipeline, and does not translate to inland

locational imagery.

6.2 Proposed Approach

As the original SSM-VPR did not rely on any training or fine-tuning, simply using pre-trained

VGG16 on Places-365 as backbone, I continue using this backbone as is rather than retraining,

instead focusing on making structural changes.

To add on to this, the Plymouth Sound dataset is not labeled in the same way that Places-

365 is, with the latter being labeled by “scene” for scene classification training [178] (i.e., bar,

shop, stairway, etc.), as such it does not facilitate the same classification training originally

used for the backbone. Creating such labels manually for all 16673 images would also be a

significant time investment.

Moving on to the proposal, first is a quantitative evaluation of four versions of the SSM-

VPR pipeline on both the Plymouth Sound dataset as well as Symphony Lake for the sake of

comparison. These four versions include the original SSM-VPR (i.e. Baseline), SSM-VPR

with Selective Search for stage 1 region-based vector selection, SSM-VPR with Vo et al.’s

method for stage 1 region-based vector selection and SHM-VPR, which uses a semantic line

generated from WaSR land pixel prediction to guide stage 2 region-based vector selection.

I will then show the necessity of automated land, sea and sky based pixel predictions for

conducting stable Waterborne Deep VPR evaluation, especially within more long-range shore-

line areas such as Plymouth Sound which have access to open sea.

Finally, I show a more in depth qualitative comparison between the different techniques

employed for both stage 1 and 2 of SSM-VPR, going over the pros and cons of each method

and how it interacts with the features generated by the CNN backbone before storing them as

vectors.
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6.3 Datasets

6.3.1 Plymouth Sound Dataset

Described in-depth in Chapter 4, the Plymouth Sound dataset consists of several traversals

along the ares of its namesake captured by the IBM/Promare Mayflower Autonomous Ship

(MAS). Traversals begin at Turnchapel Wharf and cover differing areas of Plymouth Sound

including Drake Island, Cawsand Bay, Rame and Whitsand Bay.

There are seven original runs in total taken between 30/03/2022 and 14/04/2022, so for

evaluation I divide the overall image set into seven leave-one-out cross validation test folds.

For some folds that stray especially far from Plymouth Sound such that their training folds do

not have any matching ground truths for some queries, I only evaluate those queries that do

have possible ground truths within said training folds according to some ground truth radius.

As previously discussed, the dataset is quite challenging due to large variations in the

distance of the camera to the visible shore as the MAS travels outwards into the Plymouth

Sound, it also has more general viewpoint/feature changes for most locations based on the day

recorded and is very sparse in terms of land features for performing place recognition. Average

land pixel percentage across all images is around 5% according to WaSR, influenced heavily

by the amount of images capturing open sea.

6.3.2 Symphony Lake Dataset

The same dataset used in Chapter 5.3.1, consists of weekly runs along Symphony Lake in

Metz, France, by a small autonomous vehicle from 2014-2017. In order to match the same

number of folds as the Plymouth Sound dataset for this Chapter I instead select seven random

folders from the overall dataset representing one run each between 2014-2017 and use the same

leave-one-out cross validation setup to get seven test folds.

This should ensure that both datasets have a similar level of density when it comes to the

position of image captures, relative to the overall distance each dataset covers.

6.4 Architectures

6.4.1 SSM-VPR (Baseline)

Original SSM-VPR pipeline outlined in Camara et al. [5], the only domain-specific change I

made was that the lack of meaningful features along the edges of the images resulted in an
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increase in the activation values along the edges of the feature map due to the use of same

padding in the convolutional layers, to reduce the impact of these sections the sliding window

will not cover the minimum and maximum edge of the feature map.

6.4.2 SSM-VPR w/ Stage 1 Selective Search Region Proposal

A modification to baseline SSM-VPR whereby instead of using sliding window for vector

extraction in stage 1, I instead apply the Selective Search algorithm to the feature map to get

a set of region proposals that are then pooled and used to build IFDB vectors for SSM-VPR

stage 1 search.

Figure 6.1: Diagram of the proposed SSM-VPR w/ Stage 1 Selective Search Region Proposal, which
takes a set of region proposals from selective search based on a 2D pseudo-image and uses them to
select sub-regions of the feature map for vectorization.
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Selective Search is applied directly to the feature map to save computational time, this is

done by aggregating the feature map along its filter axis into a 2D pseudo-image, the top N

regions are passed through an ROI pooling layer much like in Fast-RCNN [15] to maintain

spatial consistency for vectorization. The dimensions of the pooled feature map regions are

equal to those extracted via the sliding window approach.

Early results indicated that pseudo-images generated from feature maps of lower resolution

stage 1 image Conv5_2 outputs were not sufficient for Selective Search, so instead I use the

higher resolution stage 2 image Conv4_2 outputs for both stages in order to ensure effective

region proposal-based vectors are used for stage 1.

6.4.3 SSM-VPR w/ Stage 1 rOSD Region Proposal

Fundamentally identical to the Selective Search modification, only now I use the rOSD re-

gion proposal method instead, which was built to work on 2D pseudo-images generated from

convolutional feature maps originally and as such translates to the task more naturally.

In Vo et al. [127] two recommendations are made, that the final list of region proposals

should be a combination of proposals generated from at least two convolutional layer outputs

to capture objects of various scales and that the most suitable layers for VGG16 are Conv5_3

and Conv4_3.

As such, I change the output convolutional layers of stage 1 and 2 of SSM-VPR to Conv5_3

and Conv4_3 respectively, when calculating region proposals for stage 1 I build 2D pseudo-

images from the output feature maps of both stages and apply the rOSD region proposal method

to each and take N
2 proposals to get N in total.

Proposed regions are all applied to the stage 1 SSM-VPR feature map and pooled to the

same dimensions as before for vectorization.

6.4.4 SSM-VPR w/ Stage 2 WaSR Semantic Line-based Region Proposal
(SHM-VPR)

This model keeps stage 1 of SSM-VPR the same and focuses on making edits to stage 2. This

method is dependent on the WaSR segmenter and leverages it’s prediction mask to extract a set

of coordinates that represent a semantic line along the visible land in the image.

Using these coordinates, stage 2 applies a sliding window that only moves across the x axis

of the feature map once, with the y coordinate at each step being determined by projecting the

horizon line onto the feature map and getting a set of approximate coordinates.
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Figure 6.2: Diagram of the proposed SSM-VPR w/ Stage 1 rOSD Region Proposal, which takes a set of
region proposals from the rOSD method developed by Vo et al. based on 2D pseudo-images from both
stages and uses them to select sub-regions of the feature map for vectorization.

This leaves us with a single row of stage 2 vectors as opposed to a grid, exponentially

reducing the overall number of vectors in the SMDB. The spatial matching stage, which checks

for closest neighbour consistency around spatially arranged anchor vectors between a query

and retrieval, still works as before but now only needs to make spatial matches along one

dimension rather than two.

Development of this method was motivated by close examinations of CNN feature maps

extracted from the Plymouth Sound dataset over the course of the project, where it was found
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Figure 6.3: The SHM-VPR pipeline, here SSM-VPR stage 1 is kept the same as baseline but stage 2 now
uses an estimated horizon line based on WaSR and projects it onto the feature map, the sliding window
then moves along the map in a single row across the x-axis, using the y coordinate of the projected
horizon line at each step.

that the most consistently activated features were those that fell along the semantic line as-

sociated with visible land, similar to the findings made by Benbihi et al. [176] for bucolic

environments.

For land-based domains this would not be totally beneficial as various landmarks and build-

ing features tend to appear below the top of the visible land line, which in these domains would

typically be rooftops. However, for long-range waterborne images like those seen in Plymouth

Sound, many buildings and other features below the land line take up such a small portion of

the image that when the image is reduced to a manageable size for a Deep CNN (i.e. 224x224,

448x448), they hold little presence within the final feature map.

Taking the waterborne domain into account, this model makes it so that the re-ranking stage

is more focused on spatially matching only the most visually apparent and variable structure

of these images, especially within long-range shoreline areas.
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6.5 Comparative Analysis and Results

6.5.1 Quantitative Analysis

Figure 6.4: Top Row: Initial PR Curve and AUC metrics for seven Plymouth Sound (Left) and Sym-
phony Lake (Right) using Baseline SSM-VPR. Bottom Row: The same metrics after thresholding query
images based on WaSR predicted land pixel percentage.

After evaluating all seven test folds of both datasets with baseline SSM-VPR using the

precision-recall curve with respect to mAP@1 and the AUC metric, the top row of Figure

6.4 shows that results are consistently high for Symphony Lake, which is consistent with my
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findings in Chapter 5, however, for Plymouth Sound there is a great deal of variation in the

metrics for each fold which at first appears quite troubling.

The reason for this variance is something that I alluded to earlier in this chapter, that being

the prevalence of many empty, open sea images within the Plymouth Sound image set. Each

test fold represents a different traversal and between these the amount of these “empty” images

differs. Because each fold has a different number of these and because said images cannot

typically be retrieved due to a lack of features, the metrics for each test fold are effectively

capped based on the percentage of actually retrievable images within the fold.

Thankfully, this can be alleviated by using pixel-wise label predictions from WaSR, from

which I can get the overall percentage of land pixels, and therefore useful features, within an

image. Through prior testing I found the average land percentage for all images was around

5%, so I use this as a threshold for which queries are taken into consideration for the evaluation

metrics, which can be seen in the bottom row of Figure 6.4.

The effects of thresholding on Mayflower images are as follows:

Fold Images before threshold Images After threshold

0 2760 637

1 2268 1091

2 1380 1017

3 2382 1307

4 4224 1084

5 3066 781

6 593 335

Whereas the effects on Symphony Lake can be seen here:
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Fold Images before threshold Images After threshold

0 2723 2714

1 2487 2480

2 916 906

3 1667 1666

4 1874 1871

5 2208 2203

6 2039 2019

As you can see, the thresholding is negligible on Symphony Lake data but has massive

impacts on the Mayflower imagery, sometimes reducing the amount of eligible images by two

thirds, highlighting the sheer amount of water and sky only images contained within this set.

With this threshold applied, I get a more helpful and interpretable set of performance met-

rics across the Plymouth Sound test folds, which I can now see that, when evaluating valid

queries, performance is comparable to Symphony Lake.

With that issue settled, I move on to comparing performance on both datasets using my four

pipeline versions. I apply the same thresholding to each test fold and, for the sake of keeping

the performance metrics succinct, I calculated the PR curve and AUC values based on all seven

test folds for each dataset at once to get an average for each individual pipeline. Results are

shown in Figure 6.5.

Figure 6.5 shows that, unfortunately, the Selective Search and rOSD region versions for

stage 1 region proposal have lesser performance than Baseline for both datasets according to

the AUC values. For reasons I will discuss in the qualitative analysis, it is clear that although

still functional, the ability of these pipelines to propose meaningful regions of varying positions

and sizes as opposed to the fixed sliding window regions of Baseline falls short.

These methods also add additional complexity to the pipeline and thus inference time is

slower on average, so without any further developments I deem these unsupervised region

proposal methods unsuitable for Waterborne Deep VPR pipeline integration.

My fourth pipeline, SHM-VPR, manages to surpass Baseline performance on Plymouth

Sound but has worse performance on Symphony Lake. So, this method does present a slight

improvement for this works ideal waterborne image domain of long-range shoreline, but does

not necessarily translate to the short-range bucolic imagery of Symphony Lake.
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Figure 6.5: Overall PR Curves for my four pipeline versions on Plymouth Sound (Left) and Symphony
Lake (Right). Baseline model and Unsupervised Region Proposal variants are consistent across both
sets, SHM-VPR achieves greater performance on Plymouth Sound but lesser performance on Symphony
Lake.

However, SHM-VPR presents additional advantages beyond just raw performance, in the

appendix of Camara et al.’s original paper it was noted that the storage space required for

SSM-VPR’s SMDB was considerable, and I myself found this to be the case with the Ply-

mouth Sound dataset. The main driver of this is the fact that the SMDB vectors are extremely

numerous per image, SSM-VPR stage 2 sliding window approach extracts a total of 54×54

= 4608 vectors, based on a 56x56 VGG16 Conv4_2 output feature map calculated from the

recommended 448x448 input image resolution.

SHM-VPR reduces the amount of vectors needed for stage 2 exponentially and thus results

in an equivalent reduction of storage space needed for said vectors, because SHM-VPR stage

2 only extracts a single 54 length row of vectors. It also reduces the dimensional complexity

of the stage 2 spatial matching algorithm.

6.5.2 Qualitative Analysis

Having gone over the performance metrics of each pipeline, I carry out a qualitative analysis

of the retrieval results by looking at visual representations of the inner workings each pipeline,

specifically when applied to the Plymouth Sound imagery as this is my main image domain of

interest.

Figure 6.6 shows a set of true positives, viable query images which the pipeline retrieved
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successfully, false positives, viable query images that were not retrieved successfully and true

negatives, unviable query images as determined by WaSR land pixel percentage threshold them

based on.

Figure 6.6: Example queries from the Plymouth Sound image set, divided into true positives, false
positives and true negatives. Top Row: True Positive Queries. Middle Row: False Positives Queries.
Bottom Row: True Negative Queries.

Looking at the true positive set, most images in this category are, unsurprisingly, those with

clear shots of local shoreline, with recognizable shapes and minimal obstructions. The false

positive set contains some images erroneously labeled as valid due to interference from objects

such as boats, which WaSR identifies as land, boosting their land pixel percentage; this set also

contains some blurred/obstructed images as well as more clear cut fail cases.

The true negatives give a good example of feature devoid images, most of these are either

pointed directly out at sea where there is no land information, are severely lacking in shoreline

features or are so blurred due to water obstruction that WaSR does not identify the present

features as land.

This gives us a general view into what images the pipelines are able to retrieve successful-

ly/unsuccessfully as well as a look into how lack of features, it also shows how water obstruc-

tions can make waterborne imagery unviable for image retrieval.

Beyond this, the following subsections will show how the pipelines interact with input

images and image feature maps for the sake of comparison, providing a greater insight into the

performance results.

6.5.2.1 Comparison of Different Approaches to SSM-VPR Stage 1 Region Selection

Starting with Baseline SSM-VPR, Figure 6.7 depicts how, given a query image, stage 1 of

SSM-VPR takes the activation map and divides it into a set of fixed regions via sliding cube.
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Figure 6.7: Example of Baseline SSM-VPR semantic regions: For each input image, the VGG16 acti-
vation map is divided into a set of sub-regions via sliding window. I show these feature maps in 2D by
summing along the filter axis.

The visualisation shows that each region acts as a slight perspective shift of the overall image.

When IFDB vectors are matched to each individual vectorized region and rank their asso-

ciated retrieval images via histogram score, SSM-VPR ensures that each image retrieval must

match the query across multiple perspectives, incentivizing retrieval images that not only con-

tains the same features as the query, but also views them from a similar perspective and thus

from a similar position.

For Selective Search based SSM-VPR, we receive a number of suggested sub-regions

which are then used for SSM-VPR stage 1 region based vector extraction. This means that

instead of each sub-region representing a slight perspective shift of the overall image, each one

now represents an area of interest which in theory should be similar to how mariners point out

a series of landmarks.

From the previous section one can see that this method does not perform as well as the

baseline, the reason for this can be seen in Figure 6.8, where the selective search algorithm’s
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Figure 6.8: Example of SSM-VPR with semantic regions based on Selective Search: For this image,
the activation is summed along the filter axis, then selective search region suggestions are made based
on this to inform the extraction of feature map sub-regions.

attention is often drawn away from the land strip by areas of sea and sky.

There is also object interference, in the example on the first row a boat appears in the image

and remains visible in the activation map. Objects like this draw attention from the selective

search algorithm, which is undesirable for place recognition as it is a variant feature, the boat

could simply move or not be visible at any time if a picture of the location were to be taken

again, adding erroneous data to the vectors.

Overall it appears selective search is not able to discern the types of sub-regions across

the shoreline, likely due to it being unsupervised and therefore not geared specifically to the

shoreline image domain.

As I have discussed, I also tested the rOSD region proposal method integrated into the

SSM-VPR pipeline as the third modification, which was done largely to verify the effectiveness

of unsupervised region proposal in general, however I now know that this also failed to compete

with baseline SSM-VPR.

Given an example of rOSD Region Proposal suggestions on a feature map, Figure 6.9
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Figure 6.9: Example of SSM-VPR with semantic regions based on the rOSD paper region proposal
method: This figure is identical in terms of presentation to Figure 6.8. Interesting to note is that in the
third column it can be seen that the rOSD algorithm always takes an even number of region proposals
from both the Conv5_3 and Conv4_3 generated 2D pseudo images.

shows that the method does single out the shoreline quite effectively, however the issue here

is one of redundancy, most of the regions are simply repeats of each other. This means the

number of unique sub-regions and thus perspectives of the shoreline is lower even though the

most notable area has been covered.

These examples also showcases that ROI pooling these regions to maintain consistency

may not be ideal - many of the patches have seemingly lost their distinctive shapes once pooled

to 9x9 and are reduced down to simple edges.

6.5.2.2 Comparison of Different Approaches to SSM-VPR Stage 2 Region Selection

A major part of SSM-VPR stage 2 is the formation of a larger grid of much finer vectors

for each image compared to stage 1, for each retrieval these are used for the re-ranking stage

depicted in Figure 6.10, which scores them based on the number of spatial consistency matches

across a set of anchor vectors.

This method is very effective for re-ranking as it ensures the top retrieval is highly spa-
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Figure 6.10: Figure inspired by the original paper [5]. A simplified representation of the spatial match-
ing stage for a grid of query and retrieval vectors, taking a pair of anchor points between the two, their
surrounding vectors along the row and column should also match if the features are spatially consistent

tially equivalent with the query, making it more likely that the image was captured from a

similar location/perspective. However, I hypothesized that because many long-range shoreline

images contained empty space and the sub-regions these vectors represent are not as broad, the

likelihood that a great deal of the grid was made up of vectors representing empty space was

high.

These redundant vectors hamper the model in two key ways, they inflate the storage re-

quirements of the SMDB and their inclusion in the spatial matching calculation reduces infer-

ence speed. The redundant vectors could also be negatively impacting the PCA initialization

that SSM-VPR relies upon for dimensionality reduction as the initialization batch is based on

extracted vectors from a random sample of reference images and therefore could be influenced

by redundant vectors.

My proposed solution is the SHM-VPR pipeline, which uses the WaSR segmentation as a

guide for finding the horizon line, the section that separates the land/sea from the sky. WaSR

allows us to extract this line for each image by traversing the x-axis of the generated segmenta-

tion map and finding the first y coordinate belonging to the land/sea class within each column,

eventually forming an estimated horizon line.

By projecting these coordinates onto the images feature map, I can limit the sub-region

extraction to a single set of windows across the x-axis, having the y-coordinate of each window

be equal to the horizon line projection.
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Figure 6.11: A simplified representation of the spatial matching stage for a row of query and retrieval
vectors extracted via the SHM-VPR method, taking a pair of anchor points between the two, their
surrounding vectors along the row should also match if the features are spatially consistent.

This produces a row of sub-regions rather than a grid, so the spatial matching stage is

more streamlined and the amount of storage required for the spatial matching database is also

reduced exponentially, this can be seen in Figure 6.11.

This method exploits the fact that across most shoreline imagery feature maps the horizon

line is the most consistently highly activated feature, with most smaller land features being lost

after multiple max-pooling operations due to the low resolution caused by distance from the

camera, so instead of checking for spatial consistency across the whole image I limit it to the

most structurally variant region.

6.6 Summary

For shoreline imagery, I find that SHM-VPR outperforms baseline SSM-VPR as it directly

targets the inherent challenge of extracting the small percentage of salient information within

the images while also trying to navigate the pipelines attention away from redundant features.

I recognize that this is not a universal state-of-the-art pipeline, but a domain-specific one,

as the improvements made do not seem to translate to Symphony Lake, which makes sense as

these inland images feature plenty of useful information across the whole image and at these

smaller distances the horizon is of little relevance for navigational purposes.

The two augmented versions of SSM-VPR making use of unsupervised region proposal are

functional but do not compete with the baseline version, suggesting that for now the brute-force

sliding window approach is still the better method of region extraction.
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7.1 Introduction

In the previous chapter, I discussed several attempts at trying to optimize the Deep VPR local

descriptor extraction process, which in the case of SSM-VPR [5] formed grids of local feature

vectors via a simple sliding window approach.

I identified that one of the most notable features of waterborne imagery were large portions

of low value semantic and spatial information (i.e. Sea and Sky), with the majority of useful

information being limited to visible land. I attempted to use unsupervised region proposals [13,

127] to designate regions to convert into local descriptors for getting an initial set of candidate

images from nearest neighbour search, however without training I found the sliding window

maintained superior performance.

However, my modification of the SSM-VPR re-ranking stage, spatial matching, was able

to achieve slight gains in terms of Precision-Recall over the original. This change was also

motivated by my need to focus on relevant land-based features, as well as a known issue of

SSM-VPR being storage requirements for stage 2 vectors. My novel approach used a seg-

mentation map generated by the WaSR [37] network to create a binary mask representing the

land class label, a semantic edge was then extracted from this mask and a set of coordinates

were built along the edge to be projected onto the input image feature map, along which local

descriptors for spatial matching were extracted.

This improved the re-ranking performance on the Plymouth Sound dataset, while reducing

the number of vectors needed for SSM-VPR stage 2 and thus storage space exponentially. But,

considering the added overhead and computational time introduced by incorporating segmen-

tation the increase in performance was only marginal.

To address this, in this chapter I present a much more comprehensive overhaul of the SSM-

VPR pipeline using WaSR as a semantic segmentation based knowledge prior, making use of

this same output at all stages of the pipeline with my previous SHM-VPR method along with

additional handpicked semantic methods. I show that these methods are able to provide a host

of different benefits to the pipeline, while working seamlessly with one another to create a

fused Semantically Aware SSM-VPR pipeline that balances the benefits of each.

In total I incorporate three methods into the pipeline individually before fusing them: the

Naseer et al. [1] semantic feature map and therefore local descriptor enhancement method, the

Hou et al. [2] semantically informed local descriptor refinement method and my SHM-VPR

approach for the SSM-VPR re-ranking stage which limits spatial matching to a row of vectors

extracted along a relevant semantic edge.

122



7. Semantic Segmentation based Knowledge priors for Waterborne Deep VPR

7.2 Proposed Approach

I propose a quantitative evaluation of five Deep VPR pipelines on the Plymouth Sound dataset.

These include SSM-VPR (i.e. Baseline), SSM-VPR w/ Naseer et al. [1] for semantic descriptor

enhancement, SSM-VPR w/Hou et al. [2] for stage 1 local descriptor refinement, SHM-VPR

for semantic edge based stage 2 local descriptor spatial matching and a fused pipeline I dub

Semantically Aware SSM-VPR which combines all additional semantic methods into a single

pipeline.

Through implementation and evaluation of each pipeline I show how semantic segmenta-

tion based knowledge priors can be used to enhance several facets of Deep VPR performance,

especially within the domain of waterborne imagery where feature for effective retrieval are

largely contained within the semantic land label class.

Afterward, I show a more in depth qualitative comparison between the different semantic

methods when integrated into the SSM-VPR pipeline, to try and gain a better understanding of

just how these methods interact with standard CNN feature map outputs before the latter are

then used to generate local descriptors for Deep VPR.

7.3 Dataset

The Plymouth Sound dataset consists of several traversals along the ares of its namesake cap-

tured by the IBM/Promare Mayflower Autonomous Ship (MAS). Traversals begin at Turn-

chapel Wharf and cover differing areas of Plymouth Sound including Drake Island, Cawsand

Bay, Rame and Whitsand Bay.

There are seven original runs in total taken between 30/03/2022 and 14/04/2022, so for

evaluation I divide the overall image set into seven leave-one-out cross validation test folds.

For some folds that stray especially far from Plymouth Sound such that their training folds do

not have any matching ground truths for some queries, I only evaluate those queries that do

have possible ground truths within said training folds according to a ground truth radius.

The dataset is quite challenging due to large variations in the distance of the camera to the

visible shore as the MAS travels outwards into the Plymouth Sound, it also has more general

viewpoint/feature changes for most locations based on the day recorded and is very sparse in

terms of land features for performing place recognition. Average land pixel percentage across

all images is around 5% according to WaSR, influenced heavily by the amount of images

capturing open sea.
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For more information, please refer back to Chapter 4 of this thesis.

7.4 Architectures

7.4.1 SSM-VPR (i.e. Baseline)

Figure 7.1: The pipeline of Baseline SSM-VPR, as described in [5].

Depicted in Figure 7.1 is the original SSM-VPR pipeline, for stage 1 I use the suggested

resolution of 224×224 for the images, producing a feature map of 14×14×512 over which

I use a sliding window of 9×9 for sub-region extraction. Resolution for stage 2 is 448×448,

which was found to be more effective in the pipelines follow up paper [88], resulting in a feature

map of 56×56×512 dimensions, the sliding window applied to this map has a dimension of

3×3.

I made one change concerning the extraction of sub-regions in both stages, I noticed that

because the VGG16 backbone uses same padding for each convolutional layer the edges of
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each feature map become highly activated, adding false edge features to the search databases.

Therefore I limit the range of the sliding windows to avoid the edges of the feature maps.

7.4.2 SSM-VPR w/Segmentation Enhanced Feature Map (SEFM) [1]

This semantic enhancement method uses two versions of an input image, the original and a

version masked according to a binary mask generated from a segmentation map label. These

are then passed through a CNN and their output feature maps are aggregated to produce a

single enriched feature map that promotes features falling within the binary mask. This can be

applied to any Deep Learning task where certain classes of object are more desired, in my case

I want to enhance areas belonging to the WaSR land class label.

I apply SEFM to SSM-VPR whenever an image is passed through its VGG16 backbone,

including the building of both the Image Filtering and Spatial Matching Databases as well as

during inference time.

SSM-VPR already provides a robust method of dimensionality reduction for CNN features

during vectorization, dimensionally flattening them and applying PCA initialized on a random

sample of training vectors at the start of database creation. For this reason I will not be making

use of the sparse random projection used for reduction as was originally proposed for the

segmentation enhanced feature map [1].

7.4.3 SSM-VPR w/Semantically Aware Local Descriptor Refinement
(SALDR) [2]

In Deep VPR many pipelines make use of local descriptors based on image sub-regions, se-

lecting these can be done through various methods, including fixed sliding windows [5] and

off-the-shelf proposal algorithms [67,179], however depending on how robust each method is,

some of these regions may contain unwanted information so being able to refine these is useful

for building an enriched local descriptor search space.

Hou et al. [2] propose a local descriptor refinement method that uses semantic segmentation

knowledge priors, where each descriptor must pass a threshold of what percentage of pixels

in their associated image sub-region are labelled with valid object classes for localization.

This is highly beneficial as it ensures the search space is not inflated with uninformative local

descriptors, subsequently optimizing the search space as a whole.

I apply this SALDR method to the SSM-VPR pipeline, once again using the WaSR land

class label as the validity criteria. The amount of land pixels contained in most of the images
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Figure 7.2: SSM-VPR with SEFM applied to all feature maps passed through VGG16 for stages 1 and
2. This applies to both training images (reference) and query images.

is already low, so I only set a small threshold of at least 5% land pixels in each local descriptor

associated sub-region, as this was the average across the dataset as determined by WaSR.

Local descriptors associated with semantic regions that do not meet this threshold during

database creation are withheld from the SSM-VPR Image Filtering Database (IFDB), during

inference time local descriptors extracted from the query image that fail to meet the thresh-

old are skipped over during query vector nearest-neighbour search. This prevents both the

IFDB from being filled and the SSM-VPR image filtering stage histogram score from being

influenced by vectors of low semantic-information.
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Figure 7.3: SSM-VPR with SALDR applied to the sliding window process of SSM-VPR stage 1. Fea-
ture map sub-regions designated by sliding window are projected onto a segmentation mask, if this area
does not correspond to a minimum percentage of valid pixels it is discarded before moving on.

As a compromise, I only apply this to local descriptors from stage 1 of SSM-VPR, as stage

2, Spatial Matching, requires each example to have a fixed set of local descriptors that can then

be reshaped into a grid for the spatial matching re-ranking algorithm.

7.4.4 SHM-VPR Semantic Edge based SSM-VPR Stage 2 Spatial Descriptor
Matching

I once again show results for my SHM-VPR method which shares similarities with WASABI

[176], this only effects the Spatial Matching algorithm and local descriptor extraction.

Implementing the segmentation map post-processing stage in [176] is difficult for the image

set as the minimum “blob size” of the semantic land object can vary based on distance. As such,

I instead filter out all but the largest component belonging to the semantic land label, which

leverages the fact that shorelines naturally form single, major land components. A con of this

approach is that without additional segmentation methods to identify pixels belonging to boats,

these objects can sometimes wrongly be identified as the largest land component, there are also

some locations where two separate shore components can be seen, in which case only one will
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Figure 7.4: Our SHM-VPR alternative srage 2 method, using WaSR I extract a semantic edge belonging
to the land class label, I then traverse the line to build a set of sliding window coordinates that can be
projected back on to the stage 2 feature map. The sliding window goes across the x-axis, using the
projected y-coordinate of each sampled point along the semantic edge.

be left unfiltered.

I extract a semantic edge for valid class labels (In my case just land), local descriptors are

then extracted via a sliding window that moves along a projection of the semantic edge. In

instances where one would have multiple valid class labels I would extract individual local

descriptor sets for each individual class semantic edge, a spatial matching score can then be

calculated for each set of local descriptors extracted from the same class label edge, adding up

the score for an overall score between a Query and Retrieval Candidate image.

This process produces a single row of local descriptors per semantic class edge as opposed
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to a generalised grid, which in the case where I only have one valid class label exponentially

reduces the overall number of vectors in the SMDB, however, even with more valid classes

storage is still massively reduced.

7.4.5 Semantically Aware SSM-VPR

A fusion of pipelines 2-4 into a single comprehensive pipeline. Each individual enhancement

works independently of one another using the same initial WaSR segmentation mask, introduc-

ing minimal overhead while keeping the overall methodology of Baseline SSM-VPR intact.

7.5 Comparative Analysis and Results

7.5.1 Quantitative Analysis

Figure 7.5: PR-Curves with AUC values for each pipeline. Note that only valid queries are included in
the calculation, many waterborne images contain no information (i.e. Open Sea) and are therefore not
valid. Queries are determined to be valid if their land pixel percentage from WaSR segmentation map
is 5% or more.

Here I present Precision-Recall + AUC values, Recall@N and average inference time for

each of the pipelines. For Precision-Recall, instead of using the mAP@1 metric for calculating
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precision at for examples that fall within the descending absolute score interval as in previous

works [5, 60, 61], I instead opt to calculate precision based on Noh et al.’s [91]’s modification

of the µAP metric.

This enables consideration of average model precision beyond just the top re-ranked re-

trieval by including all retrievals whose absolute scores fall within the descending interval used

to build the curve, with recall now representing the absolute number of retrievals normalized

to range 0.0-1.0.

Figure 7.5 shows the µAP Precision-Recall + AUC values for each pipeline, and from this

we can see a few things: Firstly, both SSM-VPR baseline and w/SEFM form similar curves

to each other, with the latter being consistently higher, which is reflected in their AUC values.

This is likely because the segmentation enhanced feature map (SEFM) promotes land features

within images, making them more discriminative, but does not alter the workflow of SSM-VPR

in any way once this input is taken.

SSM-VPR w/SALDR presents a middle-ground, having a smoother curve that outperforms

the first two pipelines initially before underperforming as the minimum absolute score inter-

val decreases, achieving an AUC value somewhere between SSM-VPR baseline and w/SEFM.

This is likely because SALDR rejects local vectors without sufficient land information, mean-

ing each individual vector used for matching in SSM-VPR stage 1 is likely of higher quality,

but rejections means there are less to compare overall, which may dilute SSM-VPR’s histogram

scoring technique especially when images have many rejections.

Finally, both SHM-VPR and the fused Semantically Aware SSM-VPR pipeline present

much improved curve shapes compared with the rest, giving them significantly higher AUC

values as a result. We can determine from this that SHM-VPR is the most significant method

for improving Precision over Recall, likely due to the area it spatially matches (the detected

land edge) containing more discriminative features compared to the images as a whole.

This difference in curve shape and AUC values between SHM-VPR and baseline is far

more significant compared to previous work [61], a clear impact of switching to the modified

µAP metric. This suggests that when analysing all retrievals made per query rather than just

those re-ranked to being the top retrieval, SHM-VPR’s absolute/re-ranking score is able to

distinguish between high to low precision retrievals much more gradually and effectively, as

can be seen in its lack of any intermediate curve dips. By comparison, the curves produced by

pipelines using the traditional SSM-VPR stage 2 core all show a large initial dip in precision

between the top-most scoring retrievals and those that fall below before eventually stabilizing.
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Figure 7.6: Recall@N percentage values for each pipeline. Only valid queries are included in the
calculation.

Figure 7.6 shows the Recall@N metric from N=1 to N=10 for each pipeline, in other words

the percentage of query images who have a true positive within the top-N retrievals. Here

the relationship between the pipelines is more pronounced compared to their Precision-Recall

curves, beginning with baseline SSM-VPR and SHM-VPR, we see only a marginal difference

in recall percentage across values for N, suggesting that although the SHM-VPR stage 2 score

may be more effective for determining precision, in terms of overall recall both are similar in

effectiveness.

Continuing in ascending order, SSM-VPR w/SALDR shows a consistent marginal im-

provement over both baseline SSM-VPR and SHM-VPR, suggesting that, although the PR

curve results were somewhat inconclusive, the rejection of local vectors comprising mostly sea

and sky has an overall benefit on the models ability to successfully recall.

The largest improvement is in the methods that incorporate the semantic feature map aggre-

gation method, with both SSM-VPR w/SEFM and the Semantically Aware SSM-VPR pipeline

showing similar increases in Recall@N across the board compared to all other methods. It

would seem then that for some images, enhancing the land pixel features can make the differ-

ence between SSM-VPR recalling them, likely due to them being a small subset of the image
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that rely on enhancement to become discriminative.

Figure 7.7: Average Inference Time per query in seconds versus Recall@1 for each pipeline. Only valid
queries are included in the calculation.

Finally, in Figure 7.7 we can see the average inference time for a query versus Recall@1

for each pipeline, given that the pipeline is intended for real-time navigation being able to

minimize inference time is important in terms of utility, applying the WaSR segmentation

network to enable the individual semantically aware methods can clearly impact performance

in terms of Precision-Recall (SHM-VPR) and Recall@N, but here we can see the trade-off in

terms of computational time.

It is important to note that when building the retrieval image vector databases prior to any

inference, pipelines making use of WaSR would predict and store the segmentation maps for

the images, such that the process would not need to be repeated for retrieval images during

inference.

In order of the labelled pipelines, we can see that baseline SSM-VPR took an average of just

below 1.4s for each valid query, however surprisingly the introduction of WaSR segmentation

prediction for SSM-VPR w/SEFM only results in a marginal increase closer to 1.4s exactly.

Interestingly, SSM-VPR w/SALDR, maintaining a similar Recall@1 to baseline, was actually

able to achieve a faster inference while still using WaSR to gain knowledge priors.

These improvements are a result of two factors: Firstly, the SALDR method filters out

unwanted retrieval image vectors from the SSM-VPR stage 1 Image Filtering Dataset before

any inference is done, reducing the search space. Secondly, for each query image, if during
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stage 1 of SSM-VPR there are a number of sub-regions not suitable for vectorization, then the

amount of IFDB searches for the query is reduced.

SHM-VPR also improved inference time compared to SSM-VPR w/SEFM but provided

less improvement in the Recall@1 metric, likely due to the simplification of the stage 2 re-

ranking algorithm to a 1D array of vectors rather than a 2D array for spatial matching.

The final fused model, Semantically Aware SSM-VPR, achieves the fastest inference time

of all, a direct result of mixing the three semantic methods, as such the inference time has likely

been reduced by both the SSM-VPR w/SALDR and SHM-VPR methods.

Taking all of these insights into account I make a series of conclusions for each of the

individual semantically aware methods; Firstly, for SEFM, I achieve a raw boost in overall

performance, improving Precision-Recall and Recall@N versus baseline SSM-VPR with a

minimal inference time increase due to WaSR prediction. Secondly, for SALDR Precision-

Recall is arguably smoother but overall only marginally different from baseline SSM-VPR,

Recall@N sees a more clear yet still only marginal improvement and inference time sees a sig-

nificant improvement. Thirdly, SHM-VPR significantly improves the Precision-Recall curve

yet has seemingly little impact on the Recall@N compared to baseline SSM-VPR, while also

improving inference time.

By combining these methods into the Semantically Aware SSM-VPR pipeline, I am able

to balance these benefits and drawbacks in order to get the best of each; Precision-Recall is

still comparable and even marginally better than SHM-VPR, Recall@N maintains the signifi-

cant increase provided by the SEFM method, and the combination of SALDR and SHM-VPR

reduces inference time even further.

7.5.2 Qualitative Analysis

Here I present a visual analysis of each semantic segmentation based method that I have intro-

duced to the pipeline, including the effect they have on the feature maps and vectors generated

from a set of example images. First, I will compare the SEFM method for semantic feature

map generation with the regular CNN output:

In Figure 7.8 we see a basic diagram comparing a feature map generated from an input

image using regular CNN and the SEFM segmentation method. With the latter incorporated,

areas once effected by noise (i.e. the clouds to the left) are now suppressed compared to the

regular CNN feature map and features associated with the land are more distinct.

Viewing a set of simplified examples in Figure 7.9, we can only perceive a subtle change on
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Figure 7.8: Top: A regular CNN feature map output for a given image. Bottom: A feature map produced
using the SEFM method, for a given input a segmentation map is used to create a binary mask for the
input, the original and masked inputs are both passed through the CNN and their feature maps are
aggregated into a final output.

Figure 7.9: Top: Six input images examples. Middle: Regular feature maps generated by VGG16
Conv5_2. Bottom: Feature maps generated by VGG16 Conv5_2 using the SEFM segmentation method.

the surface, that being a reduction of noise within features associated with non-land pixels and

a slight enhancement of those that are related to the land pixels, with this trend more clearly

seen on the individual feature maps themselves.

With that in mind, we analyse the effect of the SALDR semantic feature vector filtering

method on stage 1 of the SSM-VPR pipeline, which extracts feature vectors based on feature

map sub-regions extracted via sliding window:
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Figure 7.10: Top: An image produces a CNN feature map which is divided into a set of sub-regions via
sliding window to be extracted and vectorized for nearest neighbour search as of a Deep VPR pipeline.
Bottom: In addition to the feature map output, the image is also used to produce a segmentation map
which is converted into a binary mask of valid/invalid class labels before semantic awareness is applied
to filter valid regions.

In Figure 7.10 we see a comparison of CNN feature map sub-regions for local vectoriza-

tion between a normal sliding window approach and the SALDR method, whereas the former

simply extracts all sub-regions whose coordinates fall within the valid parameters during the

windows stride, the latter projects the window at each step onto a binary mask representing

valid class labels from a segmentation map output based on the input image. Whenever the

amount of valid pixels within the projected window is too low, the corresponding sub-region

of the feature map is rejected for local vector extraction. In my case, because the average land

content in class-labelled pixel percentage across all Plymouth Sound images was 5%, I use this

as the threshold.

The result of this, as can be seen in Figure 7.10, is that many feature map sub-regions linked

to the upper portions of the image are rejected (shown by the red squares) as they corresponded

to almost completely non-valid pixel label features, likely containing unwanted residual feature

values. More of examples of the SALDR method being applied to Plymouth Sound can be seen

in Figure 7.11.

Finally, I present the results of applying the SHM-VPR method for SSM-VPR stage 2 in

Figure 7.12, which builds a single row of windows from which to extract local feature map

sub-regions for vectorization by following the edge of a binary mask generated from a valid
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Figure 7.11: First Column: Example image inputs. Second Column: Resulting CNN Feature map sub-
regions selected for local vectorization via sliding window. Third Column: Same as second column but
with sub-regions rejected by SALDR depicted as red squares.

semantic class label.

Figure 7.12: The SHM-VPR alternative to SSM-VPR stage 2, instead of producing local vectors from
a small sliding window across a VGG16 Conv4_2 feature map, we first take a binary mask based on a
particular valid semantic class label and extract its upper edge. A row of windows are then localized
along this edge and projected onto the feature map for local vector extraction.

By limiting the spatial matching of SSM-VPR stage 2 to a row of vectors built up of ge-

ometric features along the semantic edge, I firstly remove the need to store an exponentially

larger grid of vectors per image massively reducing storage space, secondly, the spatial match-

ing algorithm is now much more focused on the most geometrically significant feature of most

waterborne imagery, the horizon or skyline.

As can be seen in Figure 7.13, the method is effective at aligning windows along the main
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Figure 7.13: Top: Six input images examples. Middle: CNN feature maps generated by VGG16
Conv4_2 for SSM-VPR stage 2. Bottom: Windows projected along a semantic land edge generated
form each image to be used by SHM-VPR stage 2.

geometric feature seen within the feature maps, although there are some teething issues. In the

first column you can see a rise in the position of the windows to the right where there is no

longer any land in the image, this is because in columns of the segmentation mask where there

was no land to draw an edge position from I simply used the mean edge position at that point,

in future I may simply choose this to be the minimum instead.

A more pressing issue is the interference caused by boats, in the third column of Figure

7.13 we can see the clearest example of this. WaSR only classifies land, sea and sky and was

originally intended for obstacle detection, as boats are one of the most common of these, WaSR

brings them under the umbrella of the land class such that the system can be programmed to

simply avoid objects belonging to this label. Unfortunately for us this means that boats can

disrupt the semantic land edge within the segmentation map, which in turn disrupts my SHM-

VPR method. The best solution in future would be to train an extended WaSR based network

to classify boats as a separate class label such that we can filter them from semantic operations.

7.6 Summary

Building upon my implementation and evaluation of the SHM-VPR model [61], I find that

a more comprehensive Semantically Aware SSM-VPR pipeline making use of three methods

taking a single segmentation prediction map as input [1,2,61] is able to outperform SSM-VPR

and SHM-VPR in terms of both Precision-Recall according to absolute retrieval score and

average recall across all queries given N candidates, while keeping the increase in inference

time brought on by semantic prediction network WaSR to a minimum.
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I believe the two semantic segmentation based enhancement methods that I have hand-

picked, alongside the third method from my previous work, is able to strike an excellent bal-

ance between all metrics showcased within this work when applied to the task of Deep VPR

for Waterborne Domains.

Given the nature of imagery with the Waterborne Domain, more specifically that of longer-

range image captures from a large shoreline based environment depicted in the Plymouth

Sound dataset, I have shown that semantic segmentation based enhancements for Deep VPR

are effective for tackling the numerous challenges inherent to these images, including the pro-

motion of features within the land labelled minority of many waterborne images, discarding of

non-informative feature vectors generated from empty sea or sky labelled regions and a focus

on spatially matching geometric feature vectors along a designated semantic edge line.
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8.1 Introduction

So far my bodies of work have tackled the technological side of Deep VPR, testing viability,

application and subsequently improving objective performance, for my final body of work I

shift to the human evaluation of Deep VPR for autonomous navigation.

Deep Visual Place Recognition (Deep VPR) is usually employed by fully autonomous vehi-

cles to tackle “error drift”, a problem whereby small localization errors made by an autonomous

system add up to a serious error over time. Deep VPR can identify previous locations captured

via on-board cameras, using this knowledge to verify its current localization versus the previ-

ous localization, then, if an error is detected, the system can attempt to correct error, a concept

named “Loop Closure” [103]. However, VPR also has value as a decision-support system

for helping human users complete the much broader task of identifying/verifying their global

position [180].

It is clear that the idea of a fully autonomous navigation system can incite feelings of

anxiety and mistrust in potential users [181], due to factors such as lack of human agency

and legal issues in case of accidents [108], dissuading the adoption of these systems. For

decision-support systems adoption has been more successful, especially in areas where human

error could have serious consequences such as medical work [182], however this does not

necessarily correlate with their actual effectiveness towards supporting the given task, as user

positive and negative biases towards the system can lead to extreme cases where users allow

the AI full control or never engage with the AI respectively, given it is the case where both the

user and the AI can make both correct and incorrect decisions, often across different cases, this

would result in sub-optimal performance as opposed to a mixed approach where the two can

adjust and combine their decision making with each other [105].

A major factor behind whether or not a user will adopt and subsequently rely upon an

AI system is trust [111]. One of the major works related to measuring trust between humans

and AI is Jian et al. [10], who subsequently provided the most recognized and sourced list of

suggested likert scales for measuring trust in the context of an AI-based user study.

Many researchers point out the black-box nature of AI creating a lack of user trust (i.e.

“Why does the machine make this decision?”), making users reliance on such systems quite

low. Two Human-Centered AI approaches to solving the black-box problem are Explainable

AI (XAI) and Human-in-the-Loop techniques, the former revealing model decision-making in

a human interpretable way and the latter allowing the user to be involved in decision-making

directly.
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8.2 Method

We propose a user study to measure the change in User Reliance and Technology Dominance

in Deep VPR for decision support with three levels of Human-Centered AI; None, Explainable

AI and Human-in-the-Loop. I carry this out in a Waterborne context to be in-keeping with my

previous research as well as to provide some novel insight into the autonomous vessel domain.

Reliance, in this context, is the willingness of users to hand over control or agency to the

AI system when using it for decision-support [104]. I believe it is a word closely related with

trust and confidence although whereas trust is a very wide-ranging term, reliance is much more

specific and thus easier to properly analyse.

Technology Dominance is an even more specific term related to user reliance on AI, it is a

term defined by Cabitza et al [105], and can be described as how much a piece of technology

dominates a human users decision making process, for example a user allowing the technology

to make all decisions will result in high technology dominance.

Firstly, the users will interact with a basecase version of the Deep VPR system, where they

are presented with an input and output image with no explanation and no Human-Centered AI

methods (i.e. Black Box), acting as the control results.

For XAI, I propose the reintroduction the novel image saliency technique introduced in

Chapter 5 to show end users what visual features are deemed important in the Deep VPR

retrieval based on similarity to the input image. This consists of placing a saliency map onto

the output image whose intention is to highlight matching features between it and the input.

Then, for human-in-the-loop, I introduce an active learning component where the user can

choose to overwrite the land segmentation mask proposed by the WaSR model integrated into

the Deep VPR pipeline in Chapter 6 and 7, giving the user more control over this intermediate

output stage which is known to make mistakes on its own.

8.2.1 Architectures

8.2.1.1 Basecase

For waterborne Deep VPR, I use a novel modification of the SSM-VPR [5] architecture which

incorporates WaSR [37] land, sea and sky segmentation at multiple stages of the pipeline which

I have shown in previous research can produce optimal retrieval outputs within my specific

image domain.
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Users are expected to view an input and retrieval image pair from this model along with

the position of the output on a map, then, given this information, decide if they would like to

use this output to localize themselves and enter their feelings of reliance towards the system on

a per question basis, through a set of scales that I will discuss in the user study subsection. To

aid the user in this process, a circle containing (But not centered on) the ground truth is shown

to simulate how a person may have an approximation of their position but not an exact fix 8.1.

Scenario 1 will provide a relatively small ground truth circle whereas 2 presents a larger circle

and 3 presents no circle.

Figure 8.1: An example of how a user will see the Basecase Deep VPR image input and output during
the survey

Implementation details are kept hidden so as to maintain the black box nature of the AI,

they are given only a brief summary of how a Deep VPR system works in general before being

shown various input images and corresponding retrievals.

8.2.1.2 Explainable AI

For Explainable AI (XAI), I use my novel Image Saliency method for Deep VPR based on

Score-CAM [26], this is typically used for explaining image classification tasks, such as high-

lighting a dog to explain why an AI classifies an image as “dog”, but for Deep VPR, I have

restructured the process so that it outputs a heatmap for the retrieval image where highlighted

areas indicate features that are similar to the input image.

As for what is expected of the user everything outlined in the Basecase version remains the

same, but there will be a third image shown that is the same output image with a saliency map

overlayed to indicate why it was matched to the input,giving the user an explanation of the AI’s

decision making 8.2.
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Figure 8.2: An example of how a user will see the Deep VPR image input, output and Image Saliency
heatmaps during the survey

As the users are not expected to know what I mean by “Image Saliency” or “Explainable

AI”, I add a section to the summary section (i.e. Before the experiment begins proper) including

what these two things are and how to interpret the saliency map output.

8.2.1.3 Human-in-the-Loop

My human-in-the-loop method takes note from active learning methods, specifically the idea

of using semantic segmentation as a suggestion for annotation, where users are provided with

an initial labelling of relevant areas in an image and if there are any errors, they can correct it

manually [170].

Although segmentation is an effective method that has worked well to improve the Deep

VPR pipeline on waterborne imagery, it is not perfect and in many instances could be quickly

corrected by human input. As such, before an input and retrieval image are shown to the user

I show them the segmentation mask 8.3 for the relevant land portion overlayed onto the input

and allow them to either leave it as is, or produce a manual mask which the pipeline can then

use instead.

Once again, I do not explain the specifics of how this mask feeds into the effectiveness of

the pipeline, but I do inform the user that informing the model of where the land is located

improves model output as well as a brief description of human-in-the-loop interaction.

8.2.2 Dataset

The Plymouth Sound dataset consists of several traversals along the ares of its namesake cap-

tured by the IBM/Promare Mayflower Autonomous Ship (MAS). Traversals begin at Turn-
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Figure 8.3: Left: An example interaction prompt from the human-in-the-loop survey, shows WaSR land
segmentation in red. Right: If the user chooses ‘Reject’ on the left page, they are taken to a rudimentary
image painting page where a new segmentation mask is created by highlighting parts in red.

chapel Wharf and cover differing areas of Plymouth Sound including Drake Island, Cawsand

Bay, Rame and Whitsand Bay.

There are seven original runs in total taken between 30/03/2022 and 14/04/2022, so for

evaluation I divide the overall image set into seven leave-one-out cross validation test folds.

For some folds that stray especially far from Plymouth Sound such that their training folds do

not have any matching ground truths for some queries, I only evaluate those queries that do

have possible ground truths within said training folds according to a ground truth radius.

The dataset is quite challenging due to large variations in the distance of the camera to the

visible shore as the MAS travels outwards into the Plymouth Sound, it also has more general

viewpoint/feature changes for most locations based on the day recorded and is very sparse in

terms of land features for performing place recognition. Average land pixel percentage across

all images is around 5% according to WaSR, influenced heavily by the amount of images

capturing open sea.

8.2.3 User Study

8.2.3.1 Research Questions

With my goal of measuring Technology Dominance and User Reliance in the Deep VPR

architecture on a Waterborne Plymouth Sound Dataset for the architecture at basecase, with

explainable image saliency and human-in-the-loop capability, each of which shares a set

of theoretical scenarios the user may find themselves in, I propose the following research

questions:
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RQ1: How is Technology Dominance affected by the current navigational scenario?

RQ2: How is Technology Dominance affected by the Human-Centered AI methods?

RQ3: How is User Reliance affected by the current navigational scenario?

RQ4: How is User Reliance affected by the image retrieval quality?

RQ5: How is User Reliance affected by Human-Centered AI methods?

These questions are essentially asking how each of the independent variables, Human-

Centered AI methods, Scenario and Retrieval Quality effects the two dependent variables, User

Reliance and Technology Dominance.

8.2.3.2 Design

My study is split into three arms, each of which represents one of the three levels of Human-

Centered AI: Basecase (None), Explainable AI and Human-in-the-Loop, which forms the first

independent variable, Human-Centered AI methods.

The study follows a common format across the three arms, users are presented with a series

of 18 questions displaying an input and retrieval image from the Deep VPR model along with

a map depicting the surrounding area as well as a black “X” marker for where the output image

was captured.

To gather user results on outputs of varying quality or closeness to ground truth, I sample

questions in such a way that there is an even amount of Optimal True Positives, Sub-Optimal

True Positives and False Positives.

For clarity, the Deep VPR model always collects a number N retrieval candidates for a

given input, being ranked in order of similarity, therefore Optimal True Positives are retrievals

that are both correct (i.e. within range of the input) and were ranked at the top of the candidate

list, whereas Sub-Optimal True Positives are those who were the lowest ranked correct retrieval

and, finally, False Positives are simply incorrect retrievals. Questions belonging to these groups

are assigned a label and form the second independent variable, Retrieval Quality.

In addition, as the user progresses through the survey, questions will be made a part of one

of three scenarios, which depict users level of knowledge towards their ground truth position

in the form of an indicator on the map. These include: The User has a good estimate of their

Ground-Truth position, the user has a medium estimate and the user has no estimate. This

forms the third independent variable, Scenario.
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Depending on the Scenario, the map image will contain one of the following elements: A

small, green circle containing the ground-truth position of the query image, a larger yellow

circle serving an identical purpose and no circle at all, with the position of the retrieval now

being marked with a red “X” to better communicate that the user is within scenario 3.

I chose to distribute these scenarios in such a way that the user begins in Scenario 1, good

knowledge of their position, then progresses to Scenarios 2 and 3 respectively. As such, 6 out

of 18 questions will belong to each of these scenarios, making sure users encounter an even

number of each.

To ensure good coverage of each individual question in the user study, I initialize a pool

of 180 possible questions. Given that each study has 50 participants who will encounter 18 of

these questions, this means 10% percent of the overall question pool will be covered each time,

meaning each individual question will on average be covered by 50/10 = 5 participants.

In addition, to ensure questions belonging to each combination of the Retrieval Quality

and Scenario variables receive even coverage, the pool of 180 questions is first divided into

groups of 60 questions belonging to each Retrieval Quality label, then further divided into three

sub-groups of 20, each representing one of the three Scenario labels.

In terms of data collection, the user will be asked to fill in 8 fields total, most of these

feature a 7 point likert scale where 1 will be equivalent to saying “Not At All” and 7 will

be equivalent to “Extremely”. The first two fields, which ask “Would you accept the systems

suggestion?” and “How confident are you in your personal decision making?”, differ from

the others in that I use them to calculate participants reliance on the Deep VPR model during

their decision making process using two technology dominance metrics proposed by Cabitza

et al. [105], Automation Bias and Detrimental Algorithmic Aversion.

These metrics act as odds ratios with the former being the ratio of likelihood of automation

bias (detrimental over-reliance) and beneficial algorithmic aversion (beneficial self-reliance),

as such, values over one indicate the AI may be inducing a negative outcome on the users

decision making.

The Detrimental Algorithmic Aversion ratio on the other hand acts as an inverse, represent-

ing the likelihood of conservatism bias (detrimental self-reliance) and algorithmic appreciation

(associated with beneficial over-reliance), as such values over 1 indicate that the AI fails to

induce a positive outcome due to the user ignoring them.

The remaining fields are all used for determining positive and negative aspects of user

trust towards the Deep VPR model during each question, as trust is often associated with
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reliance and these scales, made for measuring human-machine trust, come from the well cited

Jian et al. [10] paper, each of which was made to represent word clusters associated with

trust/distrust (See Figure 8.4). For each scale I adopt from Jian et al. I also adopt its ideological

opposite, sticking to those that are most relevant to the study while also avoiding scales that

have significant overlap with one another.

Figure 8.4: From Jian et al. [10], “Trust scale items for human-machine trust and the corresponding
cluster of trust related words on which they were based”

From Figure 8.4, I use items 12 and 3 as the first pair of opposites, with item 12 representing

the word “entrust” and 3 representing “mistrust”, “suspicion” and “distrust”. The second pair

of opposites I propose are items 10 and 1 with the former representing “honesty”, “promise”

etc. and the latter representing “deception”, “lie” etc.. The final pair I propose are items 8 and

5, as 8 represents “honor” and “integrity” whereas 5 represents “cruel” and “harm”.
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The reason I choose not to use the other items presented are as follows; Word groups

belonging to items 2, 4 and 9 could be argued as synonyms of those represented by items

1, 3 and 10 respectively, item 6 overlaps with the field on users personal decision making

confidence, item 7’s meaning may be difficult to interpret for participants (i.e. What does

security mean in this instance?) and item 12 does not make sense in a context where the user

is using the system for the first time.

The implementation of these questions is depicted in Figure 8.5, a screenshot taken from

one of the Basecase/XAI survey question pages.

8.2.3.3 Deployment Stage

Firstly, I deploy the study on the survey website Prolific, which acts as a self-service data

collection platform which links online participants to the survey, via external web-link. Each

participant is paid an ethical hourly rate of £10.54 [183] for completing the study, with the

Basecase and Explainable AI versions taking 30 minutes on average for a total of £5.27 per

participant. The Human-in-the-Loop interactivity version takes more time to complete on av-

erage so I set it to 40 minutes and offer £7.03 per participant. Each human-centered variant

of the study will be filled out by independently sampled group of 50 anonymous participants

each, which will include anyone with access to a Prolific account.

My requirements of Prolific participants included being located in the UK, being 18 or

over, having an equal 50/50 male to female split and having an approval rating of at least

90%. To make sure all participants were properly engaged in the study, I inserted a series of

simple attention questions after the explanation of a question scenario which involves ticking

two statements about the current scenario. Participants who consistently fail these attention

questions will have their results excluded.

8.2.3.4 Qualitative Stage

In addition, I carry out a qualitative study whereby I send a link to each of the study arms to

5 staff members of the MSubs Ltd for them to complete, I then carry out 30 minute structured

interview with the participants to collect their thoughts on using the Deep VPR model under

different levels of interactivity.

These requirements are in-keeping with similar studies into human-AI interaction in terms

of diversity and quality of responses [184–186].

148



8. Measuring User Reliance and Technology Dominance in Waterborne Deep VPR With
Human-Centered AI

Figure 8.5: Left: An example question from the Basecase Survey. Right: An example question from
the XAI survey

The second deployment consists of 5 members of staff from MSubs Ltd, a company that

specializes in manned and unmanned submersible vehicle deployment and manufacture, these

staff members regularly pilot or perform maintenance on sea vessels as part of their work.

As such, each user is well-versed in the task of mapping maritime regions as well as having

good knowledge on maritime navigation. Most of these participants do not regularly make use

of AI models in their workspace, although they often work alongside Marine AI Ltd., who are

a software company linked with MSubs focused exclusively on autonomous vessels using AI,

so some users will likely have some knowledge based on this.

This makes them ideal targets for my research, as I want to gain insight into end users

(maritime navigators) reliance on Deep VPR for decision-support.

149



8. Measuring User Reliance and Technology Dominance in Waterborne Deep VPR With
Human-Centered AI

8.2.3.5 Interview

As part qualitative study stage an additional 30 minute interview with each of the individual

MSubs staff members is carried out, which are open-ended semi-structured interviews.

Interviewees will be asked the following questions:

Q1: Overall, what were your feelings towards using Deep VPR for decision-support in this

context (i.e. Getting an approximate position without GNSS)?

Q2: As the scenarios indicated less knowledge of your position, did you find that the

decision-support dynamic changed?

Q3: When you encountered an incorrect suggestion by the AI, did your attitude towards

the following suggestions change?

Q4: For the saliency (Explainable AI) survey, did you find the heatmap applied to the

retrieval an effective means of communicating similarity to the input?

Q5: For the human in the loop survey, how often did you intervene in the models decision

making? Did your attitude towards the AI change after intervening?

The questions were designed following data collection and analysis of the online user study,

as such I took the oppurtunity to design them such that I could get more insight into those

results.

As such, each one uses clear and specific language in order to gain deeper understandings

compared to the online survey, while keeping language neutral as to not provoke specific an-

swers. The questions are ordered in such a way that earlier ones should not have an impact on

later questions.

Question 1 is a broad, general question designed to extract the users thoughts on Deep VPR

for decision-support as a whole.

Each following question is linked to the users thoughts on one of the independent variables,

while keeping the language used clear and understandable, for example Question 2 is linked to

the scenario aspect and attempts to derive further information by motivating the respondents to

give thoughts on how it changed their approach to the AI.

Question 3 is linked to the Retrieval Quality aspect, it is specifically designed to gather

information on how negative outputs can effect users attitudes in the long-term.

Question 4 is linked to Explainable AI and is aimed at judging it’s perceived effectiveness

from the point-of-view of the experts.

Finally, Question 5 is designed to investigate how often the experts used the Human in the

Loop aspect and if it had a positive after effect on their opinion of the AI.
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Having 30 minutes with each participant gives us 5 minutes to discuss each individual

question.

8.2.3.6 Ethics and Consent

Both the User Study and Interview branches of this work were approved of by the Swansea

University Faculty of Science and Engineering ethics committee. Letters of approval can be

found with Research Ethics Approval Number 2 2025 8625 12673 and 2 2025 13329 12753

respectively.

At the beginning of the survey, a standard Swansea University Participant Consent Form

was provided to the users to sign, the users could only continue on to the survey if this was

completed, otherwise they would be sent to the end with no data collected.

8.3 Comparative Analysis and Results

8.3.1 Quantitative Analysis

For research questions (RQ1 and RQ2) relating to Technology Dominance, I perform quantita-

tive analysis based on the results of my online survey by plotting box plots of user answers for

Fields 3-8 and by performing a Multivariate analysis of variance (MANOVA) test to determine

statistical significance.

I measure the results of MANOVA by analysing the P value of both Wilks’ lambda and

Pillai’s trace, the former measure the difference in group means for a set of dependent variables

given some independent variable and the latter measures the variance in the dependent variables

caused by the independent variable. A Wilk’s lambda value near 0 indicates that groups are well

separated and a Pillai’s trace value near 1 indicates strong evidence for the results of MANOVA.

The P value is shown in the Pr > F field, a value near 0 indicates statistical significance

The dependent variables are the Automation Bias and Detrimental Algorithmic Aversion

ratios for each user across two out of three of the independent variables: Scenario and Human-

Centered AI methods.

Retrieval Quality was not used as an independent variable for this analysis as it directly

ties in with the calculation of these metrics (i.e. Retrieval Quality of 3 = False Positive) so

separating samples into groups according to these values would make calculation impossible.

RQ1: How is Technology Dominance affected by Scenario?:
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Scenario Value Num DF Den DF F Value Pr > F

Wilks’ lambda 0.6159 2.0000 445.0000 138.7529 0.0000

Pillai’s trace 0.3841 2.0000 445.0000 138.7529 0.0000

Figure 8.6: Left: Box Plots for Automation Bias ratio for all users across Scenarios 1-3 Right: Box
Plots for Detrimental Algorithmic Aversion ratio for all users across Scenarios 1-3.

The results for Technology Dominance over Scenarios show significant difference with Pr

> F of 0, but with a high Wilk’s lambda value of 0.6159 and a low Pillai’s trace of 0.3841.

We can see in the box plots for Automation Bias and Detrimental Algorithmic Aversion that,

across all users, answers for Automation Bias in Scenario 3 show a higher upper quartile and

maximum value than Scenario 1 and 2, there is also a noticeable difference between the upper

quartiles for Scenarios 2 and 3 for detrimental algorithmic aversion (See Figure8.6).

This suggests that as the user knows less of their environment, there is a slight increase in

the amount of mistakes due to some users over relying on the system during Scenario 3 while

at the same time, mistakes made from refusing to rely on the system in Scenarios 2 and 3 also
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see a subtle increase.

RQ2: How is Technology Dominance affected by Human-Centered AI methods?:

Human-Centered AI methods Value Num DF Den DF F Value Pr > F

Wilks’ lambda 0.6988 2.0000 148.0000 31.8949 0.0000

Pillai’s trace 0.3012 2.0000 148.0000 31.8949 0.0000

Figure 8.7: Left: Box Plots for Automation Bias ratio for all users across Human-Centered AI methods
arms Right: Box Plots for Detrimental Algorithmic Aversion ratio for all users across Human-Centered
AI methods arms.

Results for Technology Dominance over different Human-Centered AI methods also show

significant difference, but with a Wilk’s lambda value of 0.6988 and a Pillai’s trace of 0.3012.

Once again, the box plots for Automation Bias and Detrimental Algorithmic Aversion across

users answers within the three study arms relating to Human-Centered AI methods are similar,

with a potentially higher Automation Bias in Human-in-the-loop interactivity which shows a

higher upper quartile and maximum value (See Figure8.7). This suggests that HITL systems

can increase decision mistakes made by users relying on the AI system.
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Moving over to user reliance, I perform a similar quantitative analysis based on the results

of my online survey by performing Multivariate analysis of variance (MANOVA) where the de-

pendent variables are the six trust measurement likert scale values across the three independent

variables: Scenario, Retrieval Quality and Human-Centered AI methods.

RQ3: How is User Reliance affected by Scenario?:

Scenario Value Num DF Den DF F Value Pr > F

Wilks’ lambda 0.1675 6.0000 2710.0000 2244.5019 0.0000

Pillai’s trace 0.8325 6.0000 2710.0000 2244.5019 0.0000

Figure 8.8: Top Row: Box Plots for Positive User Reliance prompts (Fields 3-5) across Scenarios 1-3
Right: Box Plots for Negative User Reliance prompts (Fields 6-8) across Scenarios 1-3.

Results for user reliance appear to be statistically significant, Wilks’ lambda stands at

0.1675 while Pillai’s trace is 0.8325, which further enhances the evidence for this. Despite

this, the box plots are difficult to analyse in terms of change as the top row of plots show user

responses to fields associated with positive reliance are near identical, plots on the bottom row
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however so show differences with regards to negative reliance fields with Scenarios 1 and 3

having higher values for Field 6: “I am suspicious of the system’s output” and Field 7: “The

system is deceptive” (See Figure8.8).

This suggests that XAI was able to decrease users suspicion towards the system somewhat

although it did not change the perceived “deceitfulness” of the AI, whereas HITL unfortunately

did slightly increase this latter feeling across the users.

RQ4: How is User Reliance affected by Retrieval Quality?:

Scenario Value Num DF Den DF F Value Pr > F

Wilks’ lambda 0.1550 6.0000 2710.0000 2462.0118 0.0000

Pillai’s trace 0.8450 6.0000 2710.0000 2462.0118 0.0000

Figure 8.9: Top Row: Box Plots for Positive User Reliance prompts (Fields 3-5) across Retrieval Quality
1-3 Right: Box Plots for Negative User Reliance prompts (Fields 6-8) across Retrieval Quality 1-3.

For RQ4, results are similar to that of RQ3, Wilks’ lambda 0.1550 and Pillai’s trace of

0.8450 suggest strong evidence along with a P value of 0 indicating statistical significance. The
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box plots for this variable appear much more clear; Retrieval Quality 3 (i.e. False Positives)

consistently incited lower and higher means and quartiles for positive/negative reliance fields

respectively. Retrieval Quality 2, Sub-optimal True Positives, show a similar but less significant

trend for Fields 3, 4, 5 and 6.

This is a positive sign as we would expect users to rely upon the AI less when experiencing

False Positive and lower quality True Positive outputs, which the lower values for trust, reli-

ability and higher values for distrust, suspiciousness etc. indicate, although ideally one may

hope that the differences were further apart.

RQ5: How is User Reliance affected by Human-Centered AI methods?:

Scenario Value Num DF Den DF F Value Pr > F

Wilks’ lambda 0.1540 6.0000 2710.0000 2481.1073 0.0000

Pillai’s trace 0.8460 6.0000 2710.0000 2481.1073 0.0000

Finally, results for RQ5 follow the pattern of RQ3 and 4 with a noticeable Wilks’ lambda

of 0.1540 and Pillai’s trace of 0.8460 while being statistically significant. Box plots for each

user reliance field show patterns such as Human-in-the-loop having a higher lower quartile for

Fields 3 and 4 with values 1-3 only being outlier values compared to the other two arms, for

Fields 5, 6 and 7 basic and human-in-the-loop appear to share the same statistics with the latter

having a lower upper quartile for Field 8.

Explainable AI on the other hand consistently has a slight negative effect on reliance in

Fields 4 through 8, having lower values for the lower quartile in Fields 4 and 5, and, having

higher median and upper quartiles in Fields 6, 7 and 8.

This indicates there may be a small increase/decrease in positive/negative user reliance

respectively for human in the loop and XAI.

8.3.2 Qualitative Analysis

With the interviews transcripted, I took related quotes from my participants and used these to

form a collection of 2nd order themes, from which I gained five major themes highlighted by

the interviews with regards to user reliance and automation bias for waterborne navigation.

The first major theme across the interviews was that of users Perceived System Limita-

tions, given only a quick introduction to Deep VPR the participants were able to spot a number

of both potential and real limitations of these systems, including reliance on high visibility in-

put images for good results and reliance on a pre-built retrieval database limiting overall scope.
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Figure 8.10: Top Row: Box Plots for Positive User Reliance prompts (Fields 3-5) across Human-
Centered AI methods arms: Box Plots for Negative User Reliance prompts (Fields 6-8) across Human-
Centered AI methods arms.

Participant 1: “My biggest concerns are that it is reliant on good visibility. Which isn’t regu-

larly something you can rely on at sea”, Participant 4: “The tool seems limited to a specific

area so I can imagine issues expanding its area of operation”.

A more domain specific issue that was commonly raised was that, due to Deep VPR only

giving an approximate position based on a matching image, it would be risky to make use

of these in tighter coastal areas as small differences in positioning can result in an accident.

Participant 2: “I assume it only works in coastal areas however, which also tends to need more

precise fixes so I would hope to use it alongside other methods to get a good fix”, Participant

3: “I’d be trusting it more offshore than in harbour, small differences can make a big difference

in tight spaces”.

As Participant 2 alludes to in the quote above, another major theme was Working Along-

side Manual Navigation Methods, many of the interview participants had experience in mar-
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itime navigation and as such were familiar with such methods.

When in a position where they lacked knowledge of their own position due to GNSS denial,

these participants made the argument that because they would always have access to traditional

methods, they would never need to fully rely on the AI in any scenario as, given additional

manual effort, a mariner can always calculate a precise localization.

Participant 1: “I would never rely on any piece of technology completely, including GNSS.

As someone familiar with the area I could easily guess as to whether the AI was correct or not

no matter the scenario”. Participant 4: “Even when you don’t know your position on the map

you can see the land around you, so even in the worst examples I feel I could have used a static

map to do traditional navigation as an alternative”.

Of course, because of this, participants opinions on where AI would fit into waterborne

navigation alongside traditional methods were mixed. Participant 2: “I think it was quite

good, mostly accurate as well, there are many use cases for GNSS denied navigation which

this may be good” , Participant 4: “Harbours often have built in features and harbour lights

etc. so I’m not sure where the AI fits in, it may be worth having the AI work off of these features

instead”, Participant 5: “If it could get to a high enough standard then it could compete, but

the floor for navigation accuracy is extremely high due to other technologies such as RADAR

and LIDAR”.

The third major theme was that of Exposing underlying systems, when asked about the

effectiveness of both Explainable AI and Human-in-the-loop, users would often point out how

they felt each method was able to reduce the black box nature of these models, which was

generally regarded as a positive change. Participant 2: “I think [Image Saliency] fits quite well

within the field of XAI which has had more of an uptake recently and is effective at commu-

nicating the underlying workings of the model”, Participant 1: “(Human-in-the-loop) seemed

to make the model perform better so it gave me more confidence in the model I would say, it

did not make me judge it in a negative way and exposing the decision making once again was

overall positive”.

In addition, I found Explainable AI divisive among end users, most users agree that it

effectively exposed the underlying features used to match an image but whether or not this

was a positive change varied, although users unanimously agreed that what the system saw

differed from what they would use for navigation or even replicating the machines task of

image matching.

Participant 5: “When I could see the AI’s decision making process, correct ones were gen-
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erally useful, however, many of the fail cases ranged from understandable to nowhere near

related and seemingly random. It seemed logical but not what I personally would have cho-

sen”, Participant 3: “I found that more subtle shape highlights were useful for example, as it

did not immediately jump out to me. It seemed that conspicuous features are different between

the human and AI. But it wasn’t always correct”.

Finally, the last major theme was that Human-in-the-loop is useful for end users, all but

one participant felt that my novel Human-in-the-loop approach, which was essentially an active

learning style segmentation map editing stage, was worth using across various examples. The

most common use case was for object removal, in this case boats, many users would draw a

segmentation around these objects so that they would not be included and reported increased

accuracy as a result.

Participant 2: “I would intervene around two thirds of the time, namely when there were

boats in the image [...] my expectations of the model were higher as I am now putting in

personal effort to fine tune it, generally this would be the case as the accuracy would increase

after doing such”, Participant 4: “I intervened when about 40% of the “land” was clearly not,

often when a boat was contained within the land highlight I would go back and change it”.

Only one participant objected to Human-in-the-loop, on the grounds that it may be difficult

to engage with it practically while also navigating a vessel. Participant 3: “I wouldn’t expect

a navigator onboard a vessel to be manually drawing in land segmentation on each (or indeed

any) image”.

8.4 Conclusions

I have presented a set of results from three online surveys measuring User Reliance and Tech-

nology Dominance in the domain of Waterborne Deep VPR, along with qualitative interviews

with a small group of real world mariners.

From the surveys, I find that reliance and technology dominance show statistically signif-

icant changes across scenario, retrieval quality or Human-Centered AI methods, although the

changes were always quite subtle. My interview participants were able to shed more light on

these findings, pointing out that mariners travelling along coastal areas should always have

access to manual navigation tools and thus be able to get a precise locational fix. As such, the

scenarios, especially that of having no knowledge of ones position, may not be representative

of the situations mariners find themselves in.
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As already stated in relation to retrieval quality, when presented with an equal distribu-

tion of Optimal True Positives, Suboptimal True Positives and False Positives, user reliance

predictably showed a tendency to drop for the latter two categories. Interview Participants

highlighted that False Positives were simple to identify without prior knowledge due to their

clear visual differences, with user feelings towards the model after seeing false positives vary-

ing on a per user basis.

My main topic of interest in improving user reliance and technology dominance was the

incorporation of both Explainable AI and Human-in-the-loop style interaction. The survey

highlighted some statistically significant trends here, as my Explainable AI method showed

similar if not slightly worsened levels of reliance compared to baseline with the Human-in-the-

loop variant having an opposite effect, trending towards a slight improvement to user reliance.

The interviewees had a lot to say about these methods, agreeing that both helped to reveal

the underlying AI systems in different ways, with Explainable AI displaying which pixel-wise

features were used for decision making in a human intepretable way and Human-in-the-loop

explicitly revealing the semantic segmentation stage, allowing the user to interact with this

intermediate stage of the overall Deep VPR pipeline.

Whether this had a positive or negative impact however depends on the result, XAI was

divisive among the participants who generally found the highlighting of what the AI sees to

differ from what they expected, which was appreciated by some but considered jarring by

others. Human-in-the-loop was generally considered a positive addition, with users feeling

that it gave them agency to “fix” problems such as erroneous boat detection and thus receive a

better result.

Overall, I believe that I have presented some interesting initial findings into user reliance

and technology dominance for Deep VPR as navigational decision-support. We believe that

scenarios more closely related to GNSS denial situations, such as spoofing, may provoke more

significant changes in user reliance upon the AI. More intensive human-in-the-loop inclusions,

such as dedicated active learning stages, may also reveal more about how end users feel about

intervening with AI models to ensure accurate results.
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9.1 Conclusions

I have presented one of the first major works on the viability of Deep Visual Place Recognition

in Waterborne Domains, form this I now know that state-of-the-art Deep VPR models such as

SSM-VPR, which is built on a VGG16 backbone trained on the terrestrial Places365 dataset,

was able to effectively translate to the bucolic waterborne imagery of Symphony Lake and by

applying explainable image saliency, I was able to view the different types of features given

weight by the model for this type of imagery, which just so happened to be notable objects that

stand out from the visible land line.

Of course, I was not satisfied with the Symphony Lake dataset, as although it met the

requirement of being on water, it was still captured within a relatively small contained lake area.

To remedy this, I worked in collaboration with Marine AI, a Plymouth based software company

that worked on IBM/Promare Mayflower Autonomous Ship (MAS), to build the Plymouth

Sound Dataset which covers the maritime region of the same name over the course of several

days. This dataset allowed us to carry out more legitimate Waterborne Deep VPR evaluation

as the data is much more relevant to my original motivations and objectives; helping GNSS

denied vessels in coastal regions. This dataset also acts as one of the first benchmarks datasets
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for Waterborne Deep VPR, allowing potential future researchers in the field to measure the

success of further developments in Deep VPR in coastal areas.

Upon re-evaluating Deep VPR performance on the Plymouth Sound Dataset, I made more

discoveries regarding the challenges of such data including the natural scarcity of useful infor-

mation for retrieval contained within many coastal imagery due to large amounts of uninfor-

mative sea and sky information, and as a result, less useful land information. I also found that

as a vessel moves further from the shoreline, this issue is compounded as land features along

the shore would become progressively smaller and far less frequent as the boundary between

shoreline and open sea was crossed.

In this work I attempted to tackle this problem using two separate Computer Vision tech-

niques; Region Proposal and Image Segmentation. For Region Proposal, my intention was to

find an unsupervised algorithm that could build bounding boxes along the visible land region

only, allowing for an enriched subset of local descriptors not influenced by the sky and sea

features, the reason I chose not to use supervised methods such as Faster R-CNN [16] was due

to them being trained on object oriented datasets, meaning they would likely not translate well

to detecting generic land strips. Unfortunately, this methodology performed marginally worse

than baseline SSM-VPR, as such I would not advise the use of unsupervised Region Proposal

for Waterborne Deep VPR in future and I would recommend the training of a supervised model,

trained to detect visible land strips.

Thankfully, Image Segmentation proved to be a positive enhancement for Waterborne Deep

VPR through the use of WaSR [37] for land, sea and sky segmentation. This acts as a powerful

knowledge prior able to be used in a number of different ways, three of which I have presented

in this work, including segmentation enhanced feature maps to enrich the convolutional land

features produced by the backbone network, semantically aware local descriptor refinement to

automatically discard descriptors generated from bounding boxes not containing useful infor-

mation and my novel horizon based spatial matching method, which took inspiration from both

WASABI and SSM-VPR Stage 2 to create a more efficient and discriminative method for scor-

ing waterborne image spatial similarity by only covering spatial features along the semantic

land line.

From a technical standpoint then, my findings for creating Optimal Waterborne Deep VPR

show that the most discriminative features for retrieval are always located along the local land

line, as this is where most of the notable shapes and structures contrast against the sky back-

ground, producing discriminative convolutional features. On the flipside, sea and sky tend to be
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visually homogenous and, naturally, do not provide additional information for localization, sky

is also a highly variable visual feature globally so great care must be taken to ensure the Deep

VPR model can train on and store examples of locations under different weather conditions.

At the time of writing, Image Segmentation of land, sea and sky appears to be the strongest

tool for exploiting both of these major findings, as it allows pixel-wise enhancement of land

and reduction of features from sea and sky.

Knowing that AI tools intended for navigation based tasks have been historically contro-

versial among human end users, I additionally carried out an online survey analysing user trust

and technology dominance (As defined by Cabitza et al [105]) against my Waterborne Deep

VPR pipeline. I believe this study to be an essential piece of the overall work, as it gives

us insight into how we can ultimately get end users to engage with and adopt Deep VPR for

navigational decision support.

Knowing that Explainable AI and Human-in-the-loop methods have seen success in the

past for decision support systems, I created three arms covering the basecase with no Human-

AI interaction, interaction through Explainable AI using my previously developed novel Image

Saliency and Human-in-the-loop by allowing the participants to engage with the intermediate

stage of my final pipeline which used WaSR to highlight visible land, showing them the result-

ing segmentation and asking if they would want to manually label for the purpose of correction

or improvement. To gain insight into user trust and technology dominance across varied levels

of performance and situational pressure, I generated questions with pre-determined Optimal

True Positive, Sub-optimal True Positive and False Positive retrievals, and, presented each

question under one of three scenarios giving users less knowledge of ground truth.

My Quantitative Analysis shows interesting patterns among the independent variables, they

were deemed statistically significant through MANOVA with WIlk’s lambda and Pillai’s trace.

The Qualitative interview participants were able to provide additional insights, which I was

able to group into a set of aggregate topics. This included the user being able to quickly

perceive the limitations of a Waterborne Deep VPR pipeline, including camera obstruction and

need for a pre-made retrieval dataset, both of which are valid concerns for extending this Deep

VPR architecture beyond the borders of the current dataset.

Other concerns included where Deep VPR as decision support would fit alongside manual

navigation techniques, as participants were all well versed in maritime navigation many of

them pointed out that, given some manual effort, one can always get a precise fix. Participants

were still open to the idea of using Deep VPR during GNSS downtime as a defense application
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however, so perhaps leaning more heavily into for Deep VPR development would be beneficial.

Finally, interviewees generally appreciated when Deep VPR pipelines reveal their under-

lying systems, although the difference between human salient features and features revealed

to be salient by Explainable AI often differed, confusing the end user. On the other hand, us-

ing Human-in-the-loop to show users the intermediate stages and have them interact directly

was seen as an overall positive, so I recommend further development of such interactions for

deployment of Deep VPR as decision support in future.

9.2 Contributions

The main contributions can be summarized as follows:

• Showing that State-of-the-art Deep VPR can translate from Terrestrial to Water-

borne Imagery

I compare performance and saliency of state-of-the-art place recognition on both terrestrial

imagery and waterborne imagery from the Symphony Lake dataset, from this I found that state

of the art was capable of translating from one domain to the other, initially this was proven

using Symphony Lake although due to this image set being of a more land adjacent bucolic

environment, it only revealed to us the basics of waterborne imagery such as discriminative

features being located along the land line. Later evaluation on the Plymouth Sound dataset

showed that pipelines could still translate, however more challenges were raised once I had

moved to more coastal region imagery, which I would later find solutions for.

• Developing the Plymouth Sound Dataset for Waterborne Deep VPR Evaluation

Given that there was a lack of proper benchmarks for my main body of work, I created

the Plymouth Sound Dataset which compared to existing waterborne image sets is made more

suitable for Deep VPR evaluation due to it’s focus on local shorelines over several days rather

than image sets such as MaSTr1325 [53] which were developed for training object detection

and collision avoidance tasks.

• Developing Semantically Aware methods that provide state-of-the-art Waterborne

Deep VPR performance

To solve the initial challenges revealed to us upon evaluating Deep VPR on Plymouth

Sound as opposed to Symphony Lake, I tried both Region Proposal and Image Segmentation

techniques, finding the latter to be effective for enhancing this image domain through a num-

ber of methods which I presented in the form of my novel Deep Visual Place Recognition

pipeline, Semantically Aware SSM-VPR. The pipeline minimizes redundant feature extraction
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while maximizing salient feature extraction by exploiting the land segmentation mask knowl-

edge prior in three ways; Segmentation Enhanced Feature Maps, Semantically Aware Local

Descriptor Refinement and my novel method inspired by WASABI and SSM-VPR Stage 2:

SHM-VPR. SHM-VPR is a particularly novel approach to using semantic segmentation, being

motivated by the unique nature of waterborne imagery such that most convolutionally discrim-

inative objects appear along the upper semantic land line edge. I evaluated Semantically Aware

SSM-VPR on the Plymouth Sound dataset and compared against state of the art SSM-VPR,

finding my model to outperform with regards to precision versus recall, total recall, all while

reducing the impact of image segmentation computational time on inference.

• Analysing User Trust and Technology Dominance in Waterborne Deep VPR with

varying Human-AI interaction

I presented a study to measure user trust and technology dominance in Deep VPR for nav-

igational decision-support within a waterborne navigation context. I carried out three study

arms with differing levels of Human-AI interaction, including the basecase, Explainable AI

through image saliency and Human-in-the-loop interaction. To get results within a good va-

riety of examples and situations, I assigned questions one of theoretical scenarios to measure

potential changes in the users behaviour and made sure questions showed different levels of

ground truth. I found that there were noticeable patterns in users responses across the indepen-

dent variables, including less reliance when receiving False Positives, less suspicion brought

on by XAI but also minor over-reliance when using Human-int-the-Loop. My interview stage

was able to reveal a set of key insights however which can be used to influence future works in

making the system ready for user adoption.

9.3 Future Work

Waterborne Deep VPR has the potential to be a much larger area of research than it is currently.

Firstly, if we are to develop stable Waterborne Deep VPR pipelines in future, the Plymouth

Sound Dataset must be expanded to incorporate vessel traversals from other international loca-

tions, right now the dataset is highly localised whereas in future we would like ships to be able

to use this system while entering many ports worldwide. Of course, storage and vector search

space would increase drastically upon expanding the dataset, for vector search space I propose

looking more into a naval concept known as “dead reckoning” where a vessel can extrapolate

an approximate area from it’s last known position and distance travelled. Knowing this area,

the vector search space could be filtered to only include potential candidates whose locations
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are also within the area, reducing the search space and making the retrieval of a matching

candidate simpler.

For optimizing performance, I have shown that both previously developed and novel image

segmentation enhancement methods used for Deep VPR are effective for waterborne given the

desired labellings, however there are still challenges relating to the domain that are yet to be

tackled; namely, bad weather affecting the cameras view of nearby shoreline is a common issue

in the dataset, something that may be solved by image dehazing algorithms [187] which can

help land line features retain contrast during periods of fog and mist.

Another challenge I do not tackle in this paper is dealing with boats, these are the most com-

mon distractor objects within waterborne imagery, taking model attention away from relevant

land features. The simplest solution would be to apply an additional boat detection stage to the

pipeline, either blanking these out or filling them in using image inpainting techniques [188].

Future work should definitely be considered on Human-AI interaction with Deep VPR, I

did prove statistically significant findings with my online quantitative survey, but an increased

sample size could help to make these results even more clear cut, although the scenario aspect

did not have any significant effect. For instance, interviewees did not engage much with my

scenarios as they’re access to manual navigation would mean they would never feel pressured

to rely on the AI completely in any circumstance, one way I could improve upon this is by

making the scenarios more related to the specific GNSS denial use case, such as presenting a

known path of GNSS coordinates followed by a loss of GNSS and a subsequent path based on

Deep VPR retrievals.

Interviewees were also split on how the introduction of False Positives affected their opin-

ion of the AI, some took each question as a separate instance when responding but others had

their opinion lowered throughout, it may be better in future to present them with the AI work-

ing at it’s true standard; perhaps by distributing True and False Positives based on the models

Precision and Recall statistics.

Finally, active learning could be a great benefit for both the technological side and the

Human-AI interaction side of this work, we know that knowledge priors are helpful to the

model when trying to extract salient land information, so having users gradually label and re-

train the dataset based on bounding boxes centered on land would be a more effective method

of implementing unsupervised region proposal.

Overall there are still a vast amount of open problems to explore and tackle in Waterborne

Deep VPR. I hope that by presenting one of the first major works on this specific subgroup
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of Deep VPR, I can encourage other researchers to expand on the domain under the lens of

Computer Vision. I also hope that researchers will expand upon the idea of Deep VPR user

studies, as in order to make use of such systems I believe it is paramount to build a community

of researchers dedicated to improving the user experience to the point where adoption becomes

a real prospect.
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[5] L. G. Camara and L. Přeučil, “Spatio-semantic convnet-based visual place recognition,”

in European Conference on Mobile Robots, 2019, pp. 1–8.

[6] R. Arandjelovic, P. Gronat, A. Torii, T. Pajdla, and J. Sivic, “NetVLAD: CNN architec-

ture for weakly supervised place recognition,” in Proceedings of the IEEE Conference

on Computer Vision and Pattern Recognition, 2016, pp. 5297–5307.

[7] Z. Chen, O. Lam, A. Jacobson, and M. Milford, “Convolutional neural network-based

place recognition,” arXiv preprint arXiv:1411.1509, 2014.

[8] H. Durrant-Whyte and T. Bailey, “Simultaneous localization and mapping: part i,” IEEE

robotics & automation magazine, vol. 13, no. 2, pp. 99–110, 2006.

[9] N. Snavely, S. M. Seitz, and R. Szeliski, “Photo tourism: exploring photo collections in

3d,” in ACM siggraph 2006 papers, 2006, pp. 835–846.

168



Bibliography

[10] J.-Y. Jian, A. M. Bisantz, and C. G. Drury, “Foundations for an empirically determined

scale of trust in automated systems,” International journal of cognitive ergonomics,

vol. 4, no. 1, pp. 53–71, 2000.

[11] N. Dalal and B. Triggs, “Histograms of oriented gradients for human detection,” in

2005 IEEE computer society conference on computer vision and pattern recognition

(CVPR’05), vol. 1. Ieee, 2005, pp. 886–893.

[12] P. Viola and M. Jones, “Rapid object detection using a boosted cascade of simple fea-

tures,” in Proceedings of the 2001 IEEE computer society conference on computer vision

and pattern recognition. CVPR 2001, vol. 1. Ieee, 2001, pp. I–I.

[13] J. R. R. Uijlings, K. E. A. Van De Sande, T. Gevers, and A. W. M. Smeulders, “Selective

search for object recognition,” International Journal of Computer Vision, vol. 104, pp.

154–171, 2013.

[14] R. Girshick, J. Donahue, T. Darrell, and J. Malik, “Rich feature hierarchies for accurate

object detection and semantic segmentation,” in Proceedings of the IEEE conference on

computer vision and pattern recognition, 2014, pp. 580–587.

[15] R. Girshick, “Fast R-CNN,” in Proceedings of the IEEE International Conference on

Computer Vision, 2015, pp. 1440–1448.

[16] S. Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN: Towards real-time object detec-

tion with region proposal networks,” Advances in Neural Information Processing Sys-

tems, vol. 28, 2015.

[17] D. D. Bloisi, F. Previtali, A. Pennisi, D. Nardi, and M. Fiorini, “Enhancing automatic

maritime surveillance systems with visual information,” IEEE Transactions on Intelli-

gent Transportation Systems, vol. 18, no. 4, pp. 824–833, 2016.

[18] J.-H. Kim, N. Kim, Y. W. Park, and C. S. Won, “Object detection and classification

based on yolo-v5 with improved maritime dataset,” Journal of Marine Science and En-

gineering, vol. 10, no. 3, p. 377, 2022.

[19] L. Itti, C. Koch, and E. Niebur, “A model of saliency-based visual attention for rapid

scene analysis,” IEEE Transactions on pattern analysis and machine intelligence,

vol. 20, no. 11, pp. 1254–1259, 1998.

169



Bibliography

[20] G. Li and Y. Yu, “Visual saliency detection based on multiscale deep cnn features,” IEEE

transactions on image processing, vol. 25, no. 11, pp. 5012–5024, 2016.

[21] X. Qin, Z. Zhang, C. Huang, C. Gao, M. Dehghan, and M. Jagersand, “Basnet:

Boundary-aware salient object detection,” in Proceedings of the IEEE/CVF conference

on computer vision and pattern recognition, 2019, pp. 7479–7489.

[22] R. C. Fong and A. Vedaldi, “Interpretable explanations of black boxes by meaningful

perturbation,” in Proceedings of the IEEE international conference on computer vision,

2017, pp. 3429–3437.

[23] V. Petsiuk, A. Das, and K. Saenko, “Rise: Randomized input sampling for explanation

of black-box models,” arXiv preprint arXiv:1806.07421, 2018.

[24] B. Zhou, A. Khosla, A. Lapedriza, A. Oliva, and A. Torralba, “Learning deep features

for discriminative localization,” in Proceedings of the IEEE conference on computer

vision and pattern recognition, 2016, pp. 2921–2929.

[25] R. R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D. Parikh, and D. Batra, “Grad-

cam: Visual explanations from deep networks via gradient-based localization,” in Pro-

ceedings of the IEEE international conference on computer vision, 2017, pp. 618–626.

[26] H. Wang, Z. Wang, M. Du, F. Yang, Z. Zhang, S. Ding, P. Mardziel, and X. Hu, “Score-

cam: Score-weighted visual explanations for convolutional neural networks,” in Pro-

ceedings of the IEEE/CVF conference on computer vision and pattern recognition work-

shops, 2020, pp. 24–25.

[27] T. Albrecht, G. A. West, T. Tan, and T. Ly, “Visual maritime attention using multiple

low-level features and naive bayes classification,” in 2011 International Conference on

Digital Image Computing: Techniques and Applications. IEEE, 2011, pp. 243–249.

[28] A. Sobral, T. Bouwmans, and E.-h. ZahZah, “Double-constrained rpca based on saliency

maps for foreground detection in automated maritime surveillance,” in 2015 12th IEEE

international conference on advanced video and signal based surveillance (AVSS).

IEEE, 2015, pp. 1–6.

[29] J. Zhang and S. Sclaroff, “Saliency detection: A boolean map approach,” in Proceedings

of the IEEE international conference on computer vision, 2013, pp. 153–160.

170



Bibliography

[30] B. Baesens, A. Adams, R. Pacheco-Ruiz, A.-S. Baesens, and S. V. Broucke, “Explain-

able deep learning to classify royal navy ships,” Ieee Access, 2023.

[31] J. Long, E. Shelhamer, and T. Darrell, “Fully convolutional networks for semantic seg-

mentation,” in Proceedings of the IEEE conference on computer vision and pattern

recognition, 2015, pp. 3431–3440.

[32] O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional networks for biomedical

image segmentation,” in Medical image computing and computer-assisted intervention–

MICCAI 2015: 18th international conference, Munich, Germany, October 5-9, 2015,

proceedings, part III 18. Springer, 2015, pp. 234–241.

[33] J. Ji, X. Lu, M. Luo, M. Yin, Q. Miao, and X. Liu, “Parallel fully convolutional network

for semantic segmentation,” Ieee Access, vol. 9, pp. 673–682, 2020.

[34] J. Fu, J. Liu, Y. Li, Y. Bao, W. Yan, Z. Fang, and H. Lu, “Contextual deconvolution

network for semantic segmentation,” Pattern Recognition, vol. 101, p. 107152, 2020.

[35] H. Zhao, J. Shi, X. Qi, X. Wang, and J. Jia, “Pyramid scene parsing network,” in Pro-

ceedings of the IEEE conference on computer vision and pattern recognition, 2017, pp.

2881–2890.

[36] L. Ding, K. Zheng, D. Lin, Y. Chen, B. Liu, J. Li, and L. Bruzzone, “Mp-resnet: Multi-

path residual network for the semantic segmentation of high-resolution polsar images,”

IEEE Geoscience and Remote Sensing Letters, vol. 19, pp. 1–5, 2021.

[37] B. Bovcon and M. Kristan, “WaSR—A water segmentation and refinement maritime

obstacle detection network,” IEEE Transactions on Cybernetics, vol. 52, no. 12, pp.

12 661–12 674, 2021.

[38] F. Xu, H. Uszkoreit, Y. Du, W. Fan, D. Zhao, and J. Zhu, “Explainable ai: A brief survey

on history, research areas, approaches and challenges,” in Natural language processing

and Chinese computing: 8th cCF international conference, NLPCC 2019, dunhuang,

China, October 9–14, 2019, proceedings, part II 8. Springer, 2019, pp. 563–574.

[39] R. Shenoi, J. Bowker, A. S. Dzielendziak, A. K. Lidtke, G. Zhu, F. Cheng, D. Argyos,

I. Fang, J. Gonzalez, S. Johnson et al., “Global marine technology trends 2030,” 2015.

171



Bibliography

[40] I. MSC, “Maritime autonomous surface ships proposal for a regulatory scoping exer-

cise,” MSC 98/20/2, Feb, Tech. Rep., 2017.

[41] X. Zhang, C. Wang, L. Jiang, L. An, and R. Yang, “Collision-avoidance navigation

systems for maritime autonomous surface ships: A state of the art survey,” Ocean Engi-

neering, vol. 235, p. 109380, 2021.

[42] X. Yan, F. Ma, J. Liu, and X. Wang, “Applying the navigation brain system to inland

ferries,” in Proceedings of the Conference on Computer and IT Applications in the Mar-

itime Industries, 2019, pp. 25–27.

[43] J. Xue, Z. Chen, E. Papadimitriou, C. Wu, and P. H. A. J. M. Van Gelder, “Influence

of environmental factors on human-like decision-making for intelligent ship,” Ocean

Engineering, vol. 186, p. 106060, 2019.

[44] J. Xue, C. Wu, Z. Chen, P. H. A. J. M. Van Gelder, and X. Yan, “Modeling human-like

decision-making for inbound smart ships based on fuzzy decision trees,” Expert Systems

with Applications, vol. 115, pp. 172–188, 2019.

[45] EMSA, “Annual overview of marine casualties and incidents 2023,” 2023.

[46] F. Cugurullo and R. A. Acheampong, “Fear of ai: an inquiry into the adoption of au-

tonomous cars in spite of fear, and a theoretical framework for the study of artificial

intelligence technology acceptance,” AI & SOCIETY, pp. 1–16, 2023.

[47] J. Spravil, C. Hemminghaus, M. von Rechenberg, E. Padilla, and J. Bauer, “Detecting

maritime gps spoofing attacks based on nmea sentence integrity monitoring,” Journal of

Marine Science and Engineering, vol. 11, no. 5, p. 928, 2023.

[48] J. S. Warner and R. G. Johnston, “Gps spoofing countermeasures,” Homeland Security

Journal, vol. 25, no. 2, pp. 19–27, 2003.

[49] K. Radoš, M. Brkić, and D. Begušić, “Recent advances on jamming and spoofing detec-

tion in gnss,” Sensors, vol. 24, no. 13, p. 4210, 2024.

[50] K. Lazanyi and G. Maraczi, “Dispositional trust—do we trust autonomous cars?” in

2017 IEEE 15th International Symposium on Intelligent Systems and Informatics (SISY).

IEEE, 2017, pp. 000 135–000 140.

172



Bibliography

[51] M. Chaal, X. Ren, A. BahooToroody, S. Basnet, V. Bolbot, O. A. V. Banda, and

P. Van Gelder, “Research on risk, safety, and reliability of autonomous ships: A bib-

liometric review,” Safety science, vol. 167, p. 106256, 2023.

[52] V. Bolbot, A. Sandru, T. Saarniniemi, O. Puolakka, P. Kujala, and O. A. Valdez Banda,

“Small unmanned surface vessels—a review and critical analysis of relations to safety

and safety assurance of larger autonomous ships,” Journal of Marine Science and Engi-

neering, vol. 11, no. 12, p. 2387, 2023.
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