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Abstract

This PhD thesis focuses on the application of deep learning methods to solving key image
understanding tasks: image classification, object detection, and semantic segmentation.

In the literature review, I provide the background for the experimental work presented in
the rest of the thesis and establish that the most promising type of deep neural architecture
for image understanding tasks is convolutional neural networks (CNNs). I also discuss the
challenges related to the availability of data for training CNNs and outline how transfer
learning and synthetic data can be leveraged as potential solutions to mitigate this issue.

The practical part of the thesis focuses on various applications of CNNs to real-world
image understanding problems.

In Chapter 2, I describe the use of CNNs for recognising hand-washing movements, with
the goal of designing a system to monitor hand hygiene. This work led to the collection of
the largest dataset of labelled hand-washing videos to date; subsequently, lightweight CNN
models were trained on it. Although the accuracy of these models was not yet sufficient for
implementing a real-world monitoring system, the experimental findings represent a signifi-
cant step toward that goal. Additionally, the experiments with CNNs reported in Chapter 2
highlight the differences between simplified datasets and complex, real-world datasets.

In Chapter 3, I report the study on the use of CNNs for semantic segmentation of street
views, an essentials task for the perceptual module of self-driving cars. The results indicate
that augmenting real-world datasets with photorealistic synthetic images can significantly
improve the accuracy of semantic segmentation, as the best MobileNetV2 and Xception-65
models trained on the augmented data outperformed their counterparts trained solely on
real-world images.

In Chapter 4, I present the use of CNN-based object detectors for identifying plastic
bottles suitable for being picked up by a robotic arm. The object detectors were trained on
synthetic images generated using Blender; by enhancing these images with Generative Adver-
sarial Networks (GANs), the mean average precision of object detection improved compared
to the models trained on the original synthetic images.

In Chapter 5, I describe the use of CNNs to classify images of cell tissue with the goal of
automating the growth of organs-on-a-chip (OOC). The accuracy of the EfficientNet-B7 and
MobileNetV3Large classifiers was improved by training them on datasets augmented with
synthetic data generated with the Stable Diffusion large generative model.

The goal of the thesis – to provide efficient solutions for applied image understanding tasks
– was achieved for all tasks except the classification experiments on the PSKUS dataset,
the most complex and noisy dataset of hand-washing videos. Additionally, the findings
contributed to a better understanding of some methodological challenges in deep learning,
such as augmenting real-world datasets with synthetic data. The results reported in the
thesis have been published in six scientific articles indexed in Elsevier Scopus and/or Web
of Science databases and presented at four conferences. The approbation of the results was
conducted in seven research projects at the Institute of Electronics and Computer Science
(EDI), where this thesis was developed. The results support the four thesis statements that
I propose for the defence.
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Introduction

From time immemorial, there has been a dream about artificial aides to humans, capable
of performing various physical and intellectual tasks on their own. Creations of that kind
were already mentioned in the earliest works of European literature: in particular, Nilsson [1]
considers ‘attendants’ that, according to Homer’s Iliad, were crafted by the blacksmith god
Hephaestus to help him get around, to be one of the earliest fictional artificial intelligence
(AI) agents. Folklore and literature abound in other characters brought to life from inanimate
matter by human ingenuity, from Galatea to Golem to Čapek’s robots, yet it was not until the
advent of the modern science and technology that the dreams about AI began to become more
tangible. Advances in neurobiological research on the brain structure and function and in
psychological investigations of intelligence, development of relevant mathematical methods,
research on the theory of computation, and, finally, the invention of the first computers have
all contributed to the inception of the AI revolution around the middle of the twentieth
century. Since then, AI methods have progressed from the very simple artificial models
of neurons [2] to the development of large language models such as GPT-4 [3] capable of
assisting humans in a variety of tasks, from debugging code to composing poetry. However,
the level of human-like artificial general intelligence (AGI) has not been reached yet, and the
pace of AI progress varies significantly across different fields.

As an example of disparities, let us compare and contrast achievements of AI in chess
and computer vision tasks. In chess, which has long held the ‘traditional status [...] [of]
an exemplary demonstration of human intellect’ [4], AI-based engines gained the ultimate
superiority over the best human players more than two decades ago and have maintained
that status since then, demonstrating that computers are extremely good at solving well-
defined rule-based tasks. The exemplary opposite case is computer vision: since even simple
organisms are capable of perceiving their visual environment and navigating in it, it may
appear at first glance (pun intended) that developing human-level computer vision should
not pose too great a challenge compared to other areas of AI research.

As Szeliski observes in his overview of the history of computer vision [5], this belief was
shared by at least some early pioneers of AI and robotics: in particular, according to a story
that has been a part of AI folklore for a long time now, in 1966, Marvin Minsky asked Gerald
Jay Sussman, his undergraduate student at MIT at that time, to ‘spend the summer linking
a camera to a computer and getting the computer to describe what it saw’ [6]. However,
it turned out that teaching computers to see and understand what they see is a somewhat
more complicated task than a summer project for a group of undergraduates, and more than
half a century later, research on computer vision in general and image understanding (i.e.,
‘getting the computer to describe what it saw’) in particular still presents many unresolved
challenges and exciting tasks. It is also one of the most active research areas in computer
science today, as there are many possible applications for automated systems with human or
even superhuman capacity for understanding visual scenes.
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In this thesis, I1 am concerned with the three general kinds of image understanding
problems, namely:

• image classification: categorising images into one of several predefined classes;

• image segmentation: segmenting an image into different objects and background areas
by categorising each its pixel into one of several predefined classes [7];

• object detection: detecting instances of objects in images and categorising each instance
into one of several predefined classes [8].

My work on these problems belongs to the domain of applied computer vision, meaning
the application of computer vision methods to practical tasks in science and industry. In par-
ticular, I use computer vision methods to solve the following real-world image understanding
tasks:

• to classify hand-washing movements in the videos filmed in clinical settings for moni-
toring hand hygiene (Chapter 2);

• to perform semantic segmentation of street views for improving the navigation systems
of self-driving cars (Chapter 3);

• to detect graspable bottles in a pile for the bin-picking task carried out by a robotic
arm (Chapter 4);

• to classify microscopy images for automated monitoring of growing organs-on-a-chip
(OOC) (Chapter 5).

Furthermore, from a broader perspective, my work is also concerned with several general
methodological problems in computer vision, that is, the problems that pertain not only to
the specific task that I solve in a particular case, but to computer vision research in general.
Thus, in Chapter 2, I highlight the need for large datasets when training state-of-the-art image
classifiers. When the task is rather specific – such as classifying hand-washing movements –
the number of publicly available image datasets is often rather small, and even those may be
only partially available or originally labelled in a way that requires relabelling for the task.
As a result, in such circumstances, one needs to acquire and label the data first, which is time-
and effort-consuming and therefore makes alternative approaches such as the use of synthetic
data, which is discussed in the following, particularly topical. Furthermore, as I point out
in Chapter 2 characterising the datasets collected for hand-washing movement classification,
annotating videos with such continuous and rather complex movements as washing hands
inevitably involves discrepancies between the different human annotators of the data, which
should be accounted for and resolved in a methodologically sound way. In Chapters 3, 4, and
5 I address the problem of the availability (or lack thereof) of real-world data for training AI
models by resorting to the use of synthetic (i.e., artificially generated) data to augment real-
world datasets. The use of synthetic data has become increasingly popular in recent years,

1The conventional way to refer to oneself in a thesis is to use the third person singular (‘the author’) or
the first person plural (‘we’). However, in this thesis, I avoid the former, as I find it unnecessarily convoluted
(pun intended); as for ‘we’, I typically use it when referring to myself and the reader (as in ‘as we can see’) or
when discussing collaborative efforts. Some examples of using such a collaborative ‘we’ can be found when
I describe acquiring and labelling videos of hand-washing episodes in Chapter 2 or images of cell culture in
Chapter 5. Otherwise, I prefer the bold, honest and straightforward ‘I’, as that allows me to underscore that
my opinion is my opinion, the work that I did is the work that I did, and my mistakes and omissions are,
well, my mistakes and omissions.

2



not only in computer vision but also in many other AI domains (see [9] for a comprehensive
overview) such as natural language processing (NLP) and reinforcement learning (RL), as it
allows to reduce the cost, effort, and tedium of collecting and labelling real-world data. On
the other hand, it also necessitates dealing with the gap between real-world and synthetic data
[10], which, in case of synthetic images, is primarily caused by them being less photorealistic
than real-world images. I address the problem of using synthetic data to augment real-world
datasets in several ways. Thus, in Chapters 3 and 5, I investigate how the proportion of
synthetic data used to augment real-world image datasets affects the accuracy of semantic
segmentation and image classification, respectively, that is, whether using more synthetic
data always improves performance. I also explore various approaches to generating synthetic
data: in the research reported in Chapter 3, I generate images of street views and their
segmentation masks with the out-of-the-box open-source driving simulator Cars Learning to
Drive (CARLA, [11]); in Chapter 4, I describe how Generative Adversarial Networks (GANs,
[12]), potentially powerful but also not-so-easy-to-train and often fragile AI models, can be
used to generate synthetic images of plastic bottles; in Chapter 5, I report my work on
generating synthetic images of cell culture with the powerful generative AI model Stable
Diffusion [13].

In all studies presented in this thesis, I address image understanding challenges by means
of deep learning (DL; [14]), that is, using deep neural networks (DNN), which are complex
ensembles of artificial neurons – abstract units capable of jointly learning underlying data
representations. At an early age of computer vision research, image classification, image
segmentation, and object detection problems were dealt with by means of traditional (or
classical) computer vision methods [15], which relied on feature extraction and subsequent
use of classical machine learning algorithms such as Support Vector Machines (SVM; [16])
and k-Nearest Neighbours (kNN; [17]). However, since 2012, when the Convolutional Neural
Network (CNN) AlexNet [18] won the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) 2012, outstripping its competitors – traditional computer vision models – by a
large margin on the ImageNet [19] multiclass dataset, the popularity of DNNs has begun to
increase steadily, and they are currently regarded as state-of-the-art for most computer vision
tasks. Since DNNs have also been successfully applied in other AI domains such as time series
analysis, NLP, and content generation, research on general methodological problems in deep
learning – such as the already mentioned need for large datasets for training models, quality
control issues in large-scale datasets, and the use of synthetic data for augmenting real-world
datasets – can potentially contribute to the advancements in these fields as well.

The goal of this thesis is to provide efficient solutions for applied image understanding
tasks. The central premise of the thesis is that convolutional neural networks can success-
fully solve the image understanding tasks considered in this work. The research objectives
and hypotheses depend on the specific task and therefore are defined in the chapters of the
thesis reporting respective research. The research methods that I use in this thesis are
those commonly employed in AI and computer vision research: exploration and analysis of
relevant literature, data cleaning and preprocessing, synthetic data generation, design and
implementation of experiments involving deep neural networks, and analysis and validation
of the results of experiments.

As a result of the work presented in this thesis, I propose the following thesis statements
for defence:

• Thesis statement one: In applications of CNNs to real-world image understanding
tasks, data availability and quality present greater challenges than model selection and
customisation.
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• Thesis statement two: CNNs that perform well when trained and evaluated on
datasets acquired in laboratory conditions may struggle to achieve similar success when
trained and evaluated on more complex real-world data.

• Thesis statement three: While state-of-the-art CNN-based image classifiers and ob-
ject detectors with a larger number of parameters typically demonstrate higher accuracy
on benchmark datasets than their counterparts with a smaller number of parameters,
this accuracy gap narrows or even vanishes when these models are trained and evaluated
on smaller, more complex real-world datasets.

• Thesis statement four: While augmenting real-world datasets with photorealistic
synthetic images is an efficient way to improve the accuracy of CNNs trained on such
data, increasing the amount of synthetic data does not directly correlate with improved
accuracy on image understanding tasks.

The above thesis statements are primarily grounded in the results found in the following
chapters: thesis statement one – in Chapters 2, 3, 4, and 5; thesis statement two – in
Chapter 2; thesis statement three – in Chapters 4 and 5; thesis statement four – in Chapters
3 and 5.

Research findings reported in this thesis have been published in the following scholarly
articles indexed in Elsevier Scopus and/or Web of Science databases:

1. M. Lulla, A. Rutkovskis, A. Slavinska, A. Vilde, A. Gromova, M. Ivanovs, A. Skadins,
R. Kadikis, and A. Elsts, “Hand-washing video dataset annotated according to the
World Health Organization’s hand-washing guidelines,” Data, vol. 6, no. 4:38, 2021.

The length of the publication: 6 pages.

My approximate contribution: 10− 15%.

2. A. Elsts, M. Ivanovs, R. Kadikis, and O. Sabelnikovs, “CNN for hand washing move-
ment classification: What matters more – the approach or the dataset?,” in 2022
Eleventh International Conference on Image Processing Theory, Tools and Applications
(IPTA), pp. 1–6, IEEE, 2022.

The length of the publication: 6 pages.

My approximate contribution: 30− 40%.

3. M. Ivanovs, K. Ozols, A. Dobrajs, and R. Kadikis, “Improving semantic segmentation
of urban scenes for self-driving cars with synthetic images,” Sensors, vol. 22, no. 6:
2252, 2022.

The length of the publication: 13 pages.

My approximate contribution: 90%.

4. D. Duplevska, M. Ivanovs, J. Arents, and R. Kadikis, “Sim2Real image translation
to improve a synthetic dataset for a bin picking task,” in 2022 IEEE 27th Interna-
tional Conference on Emerging Technologies and Factory Automation (ETFA), pp.
1–7, IEEE, 2022.

The length of the publication: 7 pages.

My approximate contribution: 30− 40%.
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5. M. Ivanovs, L. Leja, K. Zviedris, R. Rimsa, K. Narbute, V. Movcana, F. Rumnieks,
A. Strods, K. Gillois, G. Mozolevskis, A. Abols, and R. Kadikis, “Synthetic image
generation with a fine-tuned latent diffusion model for organ on chip cell image clas-
sification,” in 2023 Signal Processing: Algorithms, Architectures, Arrangements, and
Applications (SPA), pp. 1–6, IEEE, 2023.

The length of the publication: 6 pages.

My approximate contribution: 90%.

6. V. Movčana, A. Strods, K. Narbute, F. Rūmnieks, R. Rimša, G. Mozoļevskis, M.
Ivanovs, R. Kadikis, K. Zviedris, L. Leja, A. Zujeva, T. Laimiņa, and A. Abols,
“Organ-On-A-Chip (OOC) Image Dataset for Machine Learning and Tissue Model
Evaluation,” Data, vol. 9, no. 2:28, 2024.

The length of the publication: 10 pages.

My approximate contribution: 15− 20%.

Research findings included in this thesis have also been reported in the following scholarly
publications that are not indexed in Elsevier Scopus or Web of Science databases:

1. M. Ivanovs, R. Kadikis, M. Lulla, A. Rutkovskis, and A. Elsts, “Automated quality
assessment of hand washing using deep learning,” arXiv:2011.11383, 2020.

The length of the publication: 8 pages.

My approximate contribution: ≥ 50%.

2. O. Zemlanuhina, M. Lulla, A. Rutkovskis, A. Slavinska, A. Vilde, A. Melbarde-Kelmere,
A. Elsts, M. Ivanov2, and O. Sabelnikovs, “Influence of different types of real-time
feedback on hand washing quality assessed with neural networks/simulated neural net-
works,” in SHS Web of Conferences, vol. 131, p. 02008, EDP Sciences, 2022.

The length of the publication: 13 pages.

My approximate contribution: 10%.
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The thesis consists of five chapters, followed by a conclusion and bibliography. In Chap-
ter 1, I provide the background of my work, discussing the fields of computer vision and
deep learning and their intersection. Chapter 2 focuses on the use of CNNs for hand-washing
movement classification; I present the datasets collected in the course of research as well
as the results of training and evaluating CNN models on them. Chapter 3 addresses the
use of CNNs for semantic segmentation of urban street views. In Chapter 4, I detail the
use of CNN-based object detectors for a bin-picking task carried out by a robotic arm. In
Chapter 5, I report on the application of CNNs to classifying cell culture images with the
goal of automating the process of growing organs-on-a-chip. Finally, in Conclusion, I revisit
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Chapter 1

Background

The goal of this chapter is to outline the relevant background for research on image under-
standing within the context of applied computer vision. The structure of the chapter is as
follows. In Section 1.1, I define computer vision – first descriptively and informally, then
more rigorously and formally – and discuss its scope as well as explore some of its highlights.
In Section 1.2, I narrow the focus of the discussion to the subfield of computer vision – image
understanding – and discuss three major tasks in that subfield that are particularly relevant
to the work presented in this thesis: image classification, image segmentation, and object de-
tection. Furthermore, I present the key metrics for evaluating the performance of algorithms
and systems on these tasks. In Section 1.3, I examine methods for solving image understand-
ing tasks. I briefly introduce classical methods, but primarily focus on deep learning-based
approaches, as these are central to the research in this thesis. In Section 1.4, I explore the
importance of datasets for training machine learning (ML) models and the challenges related
to their availability. I also discuss how transfer learning, data augmentation, and synthetic
data can help mitigate the problem of the scarcity of training data. Finally, in Section 1.5,
I offer some concluding remarks.

1.1 Computer vision: definition, scope, and highlights

Providing a comprehensive overview of a field as vast, complex, multifaceted, and rapidly
evolving as computer vision is a truly daunting task; attempting such an overview in a single
chapter of a PhD thesis would be overly ambitious and likely unfeasible. Therefore, instead of
trying to survey the field of computer vision in its entirety, I limit myself to the more modest
task of defining what computer vision is and highlighting the aspects most relevant to this
thesis. For a more detailed treatment of the subject, I refer readers to the fundamental works
by Jähne et al. [20], Szeliski [5], Hartley and Zisserman [21], and Forsyth and Ponce [22] as
well as more recent, though less comprehensive, surveys of the state of the art in computer
vision by O’Mahony et al. [15] and Feng et al. [23].

Regardless of the scope of the discussion, a rigorous approach dictates that I must define
the term ‘computer vision’ in a manner that is both comprehensive and formal. However,
to motivate my choice of the definition, I first consider the notion of computer vision more
informally. A suitable starting point is Minsky’s famous suggestion1 for a research project
that I already mentioned in the Introduction to this thesis: to link a camera to a computer

1As a caveat, one should not oversimplify Minsky’s proposal, which in fact was quite elaborated – see
the memo of the ‘Summer Vision Project’ drafted by Seymour Papert [24]. All in all, I mention it here as a
convenient way to initiate the discussion rather than to belittle Minsky’s ambition.
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and get the computer to describe what it is seeing [6]. Indeed, it appears that this is largely
what researchers and software engineers in computer vision do: with the help of computers,
they transform input from visual sensors into some meaningful representation of the original
visual scene. While such a setup is ubiquitous, it is far from trivial, as there are many aspects
to consider, such as:

• What kind of input does the system receive? As human thinking tends to be anthro-
pocentric, the first association when considering input to a camera linked to a computer
might be that it captures a typical visual environment, that is, an RGB video stream
from the part of the electromagnetic spectrum visible to humans, ranging from ≈400
nm to ≈700 nm. However, it does not seem reasonable to exclude other segments of
electromagnetic spectrum, such as ultraviolet (UV) light, infrared light, or X-rays, from
the scope of computer vision. While these wavelengths are not visible to the human
eye per se, the same methods as the ones used for processing and analysing visible light
can often be applied to them.

• Is the input treated as a continuous stream or as divided into discrete units? While
humans perceive their visual environment as a continuous flow of information, the
temporal dimension of such input makes it more challenging to process and analyse
in computer vision. Circumventing this challenge, much of computer vision research
focuses on images rather than video: there are more image datasets than video datasets
for training and benchmarking models, and image generation, processing, and analysis
methods are more developed. While the focus on images is practical for these reasons, it
makes computer vision markedly different from biological vision, where treating static
snapshots of visual scenes as the primary units of analysis may seem artificial.

• What kind of output do we expect from the system? The output of the human visual
system is, essentially, seeing the world, and understanding what ‘seeing’ actually means
has kept philosophers and cognitive scientists occupied for a long time. In contrast,
the typical output of computer vision systems has historically often been discrete and
rather simple, such as matching an entire image to a single label. The same as with
the previous point, this approach has been customary due to practical considerations,
as simple output makes it easier to design, benchmark and analyse computer vision
systems. However, it also makes these systems markedly different from their biological
counterparts. Conversely, developing systems that produce more complex output, such
as elaborate and complex descriptions of visual scenes, brings computer vision closer
to other fields of AI such as NLP.

• How do we evaluate the quality of the output? Simple evaluation metrics (e.g., the
number of correctly classified images) are easier to implement, yet they can oversimplify
tasks compared to the complexity of real-world visual environments.

• Where (if at all) do we draw the line between vision and cognition? This question
arguably arises whenever understanding is required in a computer vision task. Further-
more, similar to biological visual systems, which incorporate acquired experience into
their function rather than operate as blank slates, their digital counterparts also inte-
grate world knowledge, and as a consequence, vision and cognition become intrinsically
intertwined.

• To what extent are the inner workings of the system comprehensible and transparent?
The human visual system is highly efficient but notoriously complex, and only partly
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understood. While some of the difficulty in studying it arises from the impossibility
of conducting invasive experiments on humans, it is also true that even when such
experiments are possible, e.g., in case of laboratory animals, scientific endeavours have
so far provided only partial understanding of how vision functions, and the brain, to
a large extent, still remains a ‘black box’. In case of computer vision system, the best
results on many computer vision tasks have been achieved with deep neural networks,
which in their essence are also ‘black boxes’: while it is easier to pry them open (e.g.
to extract the state of a particular artificial neuron or its response to a stimulus) than
their biological counterparts, analysing these systems is still challenging due to the large
number of parameters in a typical DNN model. As a result, computer vision systems
often match their biological counterparts in terms of their opacity.

The questions posed above are best treated not as requiring immediate and straightfor-
ward answers, but rather as signposts guiding research paths in computer vision. At the
same time, they lead me to conclude the following:

• Computer vision deals not only with input in the visible light spectrum, but also with
wavelengths invisible to humans, such as ultraviolet light, infrared light, and X-rays.

• The three main components of a computer vision system are input (including input
formation), information processing algorithms, and output. These three components of
computer vision are interrelated: thus, as Jähne et al. [25] observe, in their work, they
regard computer vision ‘from image formation to measuring, recognition, or reacting’
as an integral process. Overall, this is a reasonable approach: for instance, the type of
input data may affect the choice of information processing algorithms, and the desired
output format may influence the choice of the visual sensors for acquiring input. How-
ever, I would also like to note that in practice, it is quite common in computer vision to
focus on some particular stage(s) of the said integral process at the expense of taking
other stages for granted. For instance, a researcher aiming to improve the performance
of a particular algorithm on a specific dataset is unlikely to spend too much (if any at
all) time pondering the physics of image formation, as it bears no particular relevance
to their immediate task. Such a reductionist approach certainly has its advantages,
but it also may result in oversights when some aspects of computer vision are actually
important but are not accounted for in a particular study or setup.

• The interrelation of different aspects of computer vision makes it a multidisciplinary
research field that brings together physics, mathematics, computer science, biology,
physiology, cognitive sciences, and other disciplines.

• The boundaries between vision and other perceptual and cognitive processes, such as
language processing, are not clear-cut but rather blurry. This is because computer
vision tasks often involve at least some level of understanding of the visual world,
and the output of a computer vision system is frequently expressed in the form of a
verbal description. Therefore, the said boundaries should be drawn cautiously, if at all,
depending on the specific research problem.

• While evaluation metrics are necessary and useful for comparing and improving com-
puter vision algorithms, they should be taken critically2, as they tend to oversimplify
the challenges compared to those faced by visual systems operating in real-world envi-
ronments.

2Cf. Goodhart’s Law, which states that a measure ceases to be useful when it becomes a target itself.
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Although the above observations do not provide a comprehensive analysis of computer
vision but rather highlight some of its noteworthy characteristics, I believe that they con-
vincingly demonstrate the complexity and scope of computer vision as a field of research and
engineering, and, by extension, show that producing a rigorous and sufficiently informative
academic definition of computer vision is not straightforward. To demonstrate the obstacles
that one may encounter in a quest for such a definition, let us consider how computer vision is
defined in a reputable source for the general audience, such as The Encyclopædia Britannica.
According to Britannica, it is ‘[a] field of artificial intelligence in which programs attempt to
identify objects represented in digitised images provided by cameras, thus enabling comput-
ers to “see”’ [26]. While this definition is essentially correct, it includes several contentious
points, namely:

• Computer vision is treated as a subfield of artificial intelligence. While most modern
computer vision methods are indeed rooted in AI, there are also algorithms – for in-
stance, for optical flow estimation [27, 28], colour-based segmentation [29, 30], and edge
detection [31] – that are based on explicit programming and predefined mathematical
(especially geometrical) principles.

• Objects are mentioned as the only type of entities that computer vision is concerned
with. To provide just a single yet convincing counterexample, segmentation algorithms
aim to identify not only objects but also various background elements (e.g., sky, terrain,
water surface, or wall) in images.

• Images are considered the primary data source for computer vision systems. However,
as previously mentioned, images are artificial entities, and working with them differs
from processing the continuous visual stream characteristic of the real world. Moreover,
an excessive focus on images as the primary units of analysis may, in my opinion, hinder
the overarching goal of computer vision to enable computers to truly see.

In my search for a better and more precise definition of computer vision, I have found
and henceforth adopt the one given in the seminal work by Jähne et al. [25], which defines
computer vision as ‘the host of techniques to acquire, process, analyze, and understand
complex higher-dimensional [visual] data from our environment’. Note that I have added the
term ‘[visual]’ in square brackets to clarify the meaning, as the original definition is given in a
computer vision textbook, where the context makes the phrase ‘complex higher-dimensional
data’ clear, whereas for standalone use, including ‘visual’ may be helpful.

As the last note here on the definition and scope of computer vision, I would like to
differentiate it from digital image processing. While some (admittedly, rather few) works, e.g.,
O’Mahony et al. [15], treat these terms as equivalent, I follow the more prevalent approach
in this thesis by distinguishing them. Specifically, I adopt the approach of Pitas et al. [32]
and maintain that digital image processing refers to low-level operations with images such
as image enhancement (e.g., adjusting brightness or contrast) or colour image processing. In
contrast, the broader term ‘computer vision’ (and the similar but less frequently used ‘digital
image analysis’) also includes higher-level operations with visual data such as object detection
and image segmentation. Depending on usage, computer vision may subsume digital image
processing, but not the other way around, as the latter is substantially narrower in scope.
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1.2 Image understanding: definition, main tasks,

metrics

As established in the previous section, computer vision spans multiple disciplines, from
physics to psychology to philosophy, and is concerned with a wide range of research prob-
lems. I also argued that it is a common practice in the field of computer vision to focus on
some of its aspects rather than trying to encompass the full breadth of research questions
in it. As this thesis also follows the common practice of narrowing the scope of research, I
will introduce a narrower term within the domain of computer vision to refer to the research
problems that my work is primarily concerned with. For that purpose, I henceforth use the
term ‘image understanding’, which has been used in a number of well-regarded studies,
e.g. [32], [33], [34], [35], though it is notably less prevalent in the literature than the term
‘computer vision’ (cf. Figure 1.1).

Figure 1.1: Annual trends in Scopus-indexed publications on computer vision and image un-
derstanding (1955-2023). The graph shows the number of publications per year, filtered by
the search terms computer AND vision and image AND understanding within the ‘Com-
puter Science’ and ‘Engineering’ subject areas. The data were retrieved on 20 January 2024.

I use the term ‘image understanding’ as defined by Zhang [36], that is, as a suite of meth-
ods and techniques that ‘attempt to interpret the meaning of image at a high level to provide
semantic information closely related to human thinking, and help further to make decisions
and to guide the actions according to the understanding of scenes.’ Some of the primary tasks
within image understanding are image classification, image segmentation, object detection,
object localisation, image captioning, optical character recognition, and pose estimation. My
research that forms the foundation of the present thesis is concerned with the first three of
these tasks, that is, image classification, image segmentation, and object detection. There-
fore, I dedicate the remainder of this section to defining and briefly discussing these tasks.
However, prior to that, I will address potential objections to my choice of the term ‘image
understanding’ to refer to them.

First, I address the possible question of why I use the term ‘image understanding’ instead
of directly referring to image classification, image segmentation, and object detection. The
practical reason is that ‘image understanding’ is more concise and therefore more convenient,
avoiding the need to list all three tasks each time I refer to them collectively. Another,
more general reason is my belief that research on image classification, image segmentation,
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object detection, and other similar tasks should not only aim at improving the performance
of computer systems on these specific tasks, but also contribute to the overarching goal of
enabling computers to understand images (and visual data in general) at a level comparable
to human understanding of our visual environment. While the contributions of my work
in this thesis to the advancement of this goal are incremental rather than fundamental, and
while the convolutional neural networks that I employed for solving practical computer vision
tasks are far from actually understanding their input in the way humans do, I believe that it
is still valuable to use the term ‘image understanding’ so that, figuratively speaking, it would
remind us about the forest looming behind the trees.

Second, I address the potential question of why I prefer the term ‘image understanding’
over another umbrella term for the three tasks in question, namely, ‘classification tasks’.
Indeed, the latter term is sometimes used to jointly refer to image classification, image
segmentation, and object detection. For image classification, this is straightforward, as the
task inherently involves classification; image segmentation can be viewed as a classification
task at the pixel level; finally, object detection is often carried out using a two-stage process:
first, object localisation, followed by object classification. However, there are several reasons
why I find the term ‘classification tasks’ less appropriate in the given context. To begin
with, this term can easily be misunderstood as referring solely to image classification – just
one out of the three tasks it aims to encompass. Furthermore, the term ‘classification tasks’
does not emphasise the ultimate goal of understanding the semantics of the visual world as
effectively as the term ‘image understanding’ does. Finally, while many state-of-the-art object
detection methods consist of two stages and do involve classification in the second stage, not
all object detection methods rely on classification – for instance, objects can be detected by
detecting changes (cf. e.g. [37]). Therefore, categorising all object detection methods as a
subtype of classification task would be an overgeneralisation. As a consequence, using the
term ‘classification tasks’ for a group of tasks that includes object detection would arguably
be rather imprecise.

Having defined image understanding and justified my use of the term, I now turn to the
three image understanding tasks central to this thesis: image classification, image segmen-
tation, and object detection (see examples in Figure 1.2). In addition, I will introduce the
common evaluation metrics for these tasks.

Figure 1.2: Examples of image classification, object detection, instance segmentation, and
semantic segmentation. Reproduced from [38].
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Image classification, in its essence, is a labelling procedure [39]: a classifier labels a
given image I as belonging to a single class Ci, which is an element of a fixed set of considered
classes C = {C1, C2, C3, ..., CN}. Several variations can arise from this general definition.
Thus, if |C| = 2, the classification is said to be binary ; to distinguish the situation with |C| >
2 from binary classification, it is commonly called multiclass classification. Furthermore, in
some situations, it is more appropriate to assign two or more labels to an image rather just a
single label, as the image may feature more than one object in it; in such a case, classification
becomes multilabel. As Jähne et al. [25] note, other variations in the general labelling scheme
can be implemented depending on the task. For instance, we might assign a single label ‘cat’
to all images of cats, or classify them by breeds. Similarly, objects of the same shape but
different colours might be classified as belonging to either a single class or different classes,
depending on the specific criteria.

Image classification is often considered the most basic task in the field of image under-
standing – for instance, it is often said that the ‘Hello World’ task of deep learning for
computer vision is training a neural network to classify hand-written digits in the MNIST
dataset [40]. However, as Rawat and Wang [41] point out, image classification still poses a
number of challenges for automated systems; examples of such challenges include variability
in the appearance of objects depending on the viewpoint (e.g., the rear of the car looks com-
pletely different from its front) and the high variability of objects within the same class (e.g.,
within the broad class of ‘plants’)[42]. Overcoming these challenges and limitations is crucial
for advancing image understanding, since image classification serves as the foundation for
several other tasks, particularly semantic segmentation and object detection.

The main metrics for image classification are accuracy, precision, recall, and F1 score.
Among those, accuracy is the most straightforward and commonly used metric. Given that
true positives are denoted as TP, true negatives as TM, false positives as FP, and false
negatives as FN,

Accuracy =
TP + TN

TP + TN + FP + FN
. (1.1)

Precision quantifies the ability of the classifier to identify true positives while producing
a low rate of false positives. The formula for calculating precision is as follows:

Precision =
TP

TP + FP
. (1.2)

Recall (also called sensitivity), which is often reported alongside precision, quantifies the
ability of the classifier to identify true positives while producing a low rate of false negatives.
Therefore, it may be interpreted as a measure of the completeness of a classifier. The formula
for calculating recall is as follows:

Recall =
TP

TP + FN
. (1.3)

Finally, F1 score, a weighted average of precision and recall, is calculated as

F1 = 2× Precision× Recall

Precision + Recall
=

2TP

2TP + FP + FN
. (1.4)

F1 score is often more informative and less misleading than accuracy, particularly in case
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of datasets with imbalanced classes. This is because it ensures that both the precision and
recall of the model are accounted for. In contrast, accuracy can indeed be deceptive in such
cases: for instance, a classifier may achieve an ostensibly impressive accuracy of 90% on a
dataset where 90% of the data belongs to the largest class, simply by labelling every test
input as belonging to that class. However, the outcome of such ‘learning’ can hardly be
considered a success, and an resulting ‘naive’ classifier3 is essentially useless. That said, the
F1 score also has the drawback of being less intuitive than accuracy.

Object detection has a wide range of real-world applications, including autonomous driv-
ing, intelligent video surveillance, robotics, and security [43]. It is a more complex task than
image classification, because an object detector needs to both assign each object in the im-
age a label Ci from the fixed set of considered classes C = {C1, C2, C3, ..., CN}, and identify
the positions of these objects. In other words, while an image classifier aims to answer the
question What object is there?, an object detector, as Zou et al. [44] put it, needs to answer
the question What objects are where?

Localisation of objects is typically done by drawing a bounding box around each of them.
A bounding box is a rectangular4 frame that fully encloses the object. As Padilla et al. [46]
point out, the most common way to represent a bounding box is by providing its top left
and bottom right coordinates, i.e, (xinit, yinit, xend, yend). However, they also note that the
one of the most popular families of object detection algorithms, YOLO detectors [47], uses
a different representation. In YOLO, a bounding box is defined by providing the x and y
coordinates of its center and its width and height as:(

xcenter

image width
,

ycenter
image height

,
box width

image width
,

box height

image height

)
[46].

According to a comprehensive survey of object detection metrics by Padilla et al. [48], the
primary metrics for this task include precision, recall, and several metrics derived from them,
such as average precision, mean average precision, and average recall. All of these metrics are
generally based on measuring how closely predicted bounding boxes Bp correspond to ground
truth bounding boxes Bgt. The overlap between the former and the latter is calculated using
the intersection over union (IoU) measurement:

IoU =
area(Bp ∩Bgt)

area(Bp ∪Bgt)
(1.5)

The visual representation of calculating IoU is shown in Figure 1.3 (a). Figure 1.3 (b)
illustrates different IoU values, ranging from no overlap at all with IoU = 0 (left) to a perfect
overlap with IoU = 1 (right).

For the calculation of precision and recall in the context of object detection, the same
formulas are used as for image classification, i.e., the formulas given by Equations 1.2 and 1.3,
respectively. However, the key difference is that in case of object detection, a detected object
is treated as a true positive or a false positive depending on whether it meets a predefined
IoU threshold. For instance, if the IoU threshold is set to 0.5, detected objects with IoU ≥
0.5 are counted as true positives, those with lower IoU values are treated as false positives,

3Here and in the following, a ‘naive’ classifier refers to a model that operates in a primitive fashion, either
assigning classes at random, or, in the case of imbalanced datasets, always assigning the majority class. This
should not be confused with the naive Bayes classifier – a well-established machine learning method.

4Polygons are also used in some cases (see e.g. [45]), as they may capture the shapes of real objects better
than rectangles.
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(a) (b)

Figure 1.3: Illustration of the intersection over union (IoU): (a) visualisation of the IoU
calculation; (b) visual examples of different IoU values. Adapted from [49].

and any undetected objects are counted as false negatives. The average precision (AP) and
average recall (AR) for class Ci in a dataset consisting of n images are calculated as follows:

APCi
=

1

n

n∑
j=1

PCij
(1.6)

ARCi
=

1

n

n∑
j=1

RCij
. (1.7)

Since datasets typically contain multiple classes C1, C2, C3, ...CN , the average precision
values for each class can be summarised by calculating the mean Average Precision (mAP)
across all classes:

mAP =
1

N

N∑
i=1

APCi
. (1.8)

While the mAP is often calculated with a fixed IoU threshold set to 0.5, another common
approach is to compute several mAP values with IoU thresholds ranging from 0.5 to 0.95 in
steps of 0.05, and then average these values. This is expressed as:

mAPavg =
1

|T |
∑
t∈T

1

N

N∑
i=1

APt
Ci

(1.9)

where |T | is the number of IoU thresholds T = {0.5, 0.55, 0.6, . . . , 0.95}, N is the number of
classes, and APt

Ci
is the average precision for class Ci at IoU threshold t. For clarity, the

resulting value, mAPavg, is often denoted as mAP(avg for IoU ∈ [0.5 : 0.05 : 0.95]).

Image segmentation has applications across various domains, from medical image analysis
to self-driving cars. The goal of segmentation is to partition an input image into multiple
segments (i.e., continuous groups of pixels), sometimes referred to as ‘superpixels’. Natu-
rally, the partitioning should be meaningful in some sense rather than random. Thus, one
of the main types of image segmentation, semantic segmentation, has the goal of labelling
each pixel of the resulting segments with a single class label Ci belonging to a fixed set of
considered classes {C1, C2, C3, ...CN}. Therefore, semantic segmentation is essentially multi-
class classification at the pixel level; as it is performed for each pixel of an input image, it
is generally considered a more challenging task than image classification [50]. An even more
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challenging variant is instance segmentation, which distinguishes not only between different
classes but also between different instances of the same class. For instance, for the example
provided in Figure 1.2, a semantic segmentation algorithm will assign the label dog to some
pixel (Figure 1.2, D), but for instance segmentation, more detailed labelling is needed to
indicate whether the algorithm considers the pixel in question as belonging to dog1 or dog2.
(Figure 1.2, C).

The most common metrics for evaluating image segmentation are pixel accuracy, mean
pixel accuracy, IoU, and mIoU.

Pixel accuracy (PA) is the ratio of correctly classified over the total number of pixels. For
N classes, it is calculated as follows:

PA =

∑N
i=1 pii∑N

i=1

∑N
j=1 pij

, (1.10)

where pij is the number of pixels of class i predicted as belonging to the class j (where i = j
or i ̸= j).

Mean Pixel accuracy (mPA) is the average PA computed across all classes in the dataset,
that is,

mPA =
1

N

N∑
i=1

pii∑N
j=1 pij

. (1.11)

While both PA and mPA are simple and intuitive metrics, they can misrepresent the
performance of a segmentation algorithm when dealing with datasets containing imbalanced
classes. In particular, an algorithm may achieve high values for these metrics by accurately
predicting the most common class while performing poorly on less represented classes. Fur-
thermore, neither PA nor mPA takes into consideration the localisation of the predicted
pixels, making these metrics less robust. Therefore, they appear less frequently in the litera-
ture than IoU and mIoU, which are the leading metrics for evaluating semantic segmentation
algorithms. IoU for segmentation is calculated similarly to IoU for object detection, with the
key difference being that, in segmentation, the intersection between the ground truth and the
prediction is computed for segmentation masks rather than bounding boxes. The formula
for IoU for semantic segmentation with N classes is:

IoU =

∑N
i=1 pii∑N

i=1

∑N
j=1 pij +

∑N
i=1

∑N
j=1 pji −

∑N
i=1 pii

[51]. (1.12)

mIoU, which averages the IoU across all classes in the dataset, is calculated as follows:

mIoU =
1

N

N∑
i=1

pii∑N
j=1 pij +

∑N
j=1 pji − pii

[51], (1.13)

where, as mentioned above, pij is the number of pixels of class i predicted as belonging to
class j (where i = j or i ̸= j).

1.3 Methods for solving image understanding tasks

Having outlined the main image understanding tasks and the metrics for evaluating perfor-
mance of computer systems on these tasks, I proceed with a brief overview of the methods
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for solving these tasks. Broadly speaking, these methods can be divided into two principal
categories: classical methods, and deep learning-based methods.

1.3.1 Classical methods

The defining characteristic of classical methods for image understanding is that they are
fully or partially based on explicitly programmed algorithms and rely on hand-crafted features
and rules designed by human experts in specific domains (see Figure 1.4, (a)).

(a)

(b)

Figure 1.4: Comparison between the workflows for model design: (a) the workflow of classical
computer vision methods; (b) the deep learning workflow. Adapted from [52].

As Szeliski [5] points out, some examples of classical methods for image classification
are bag-of-words algorithms and parts-based algorithms. Bag-of-words (also known as bag-
of features, bag-of-keypoints, and bag-of-keypatches [53, 54]) algorithms in computer vision
were originally inspired by the bag-of-words approaches to text classification in NLP. In im-
age classification, the ‘words’ in question are visual words, i.e., handcrafted visual features.
Bag-of-words algorithms classify images by computing the distribution of visual words in the
target image and comparing it to the distribution that the algorithm learned from the train-
ing data using a classifier such as k-Nearest Neighbours (kNN) or Support Vector Machine
(SVM)[5](see Figure 1.5).

Figure 1.5: Example of bag-of-words algorithm pipeline. Reproduced from [54].

While bag-of-words algorithms are conceptually simple and intuitive, they suffer from
two major shortcomings: first, the visual words are not particularly semantically meaningful;
second, these algorithms do not take into account the spatial location of the visual words
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in the image. To address these limitations and mitigate their effect on classifier accuracy,
parts-based algorithms have emerged. These algorithms differ from bag-of-words approaches
by relying on more semantically meaningful constituent parts of the classified objects (e.g.,
the wheels of a motorcycle) and making use of the geometric relationships between these
parts. Different parts-based methods vary substantially in how they model these geometric
relationships – for instance, as constellations, stars, trees, hierarchical models, or sparse
flexible models.

In the early stages of object detection research, the primary approach was the sliding
window method, which involves dividing the target image into subwindows and applying a
classifier to each of them to determine whether it contains an instance of the object (see
Figure 1.6).

Figure 1.6: Example of a sliding window pipeline for object detection. Reproduced from [55].

To implement this approach successfully, several challenges need to be addressed, namely,
an algorithm has to classify the object(s) in each subwindow while also handling variations
in object size and overlap between image windows [56]. As Szeliski [5] points out, the de-
velopment of classical methods for general object detection was largely driven by attempts
to solve the PASCAL Visual Object Classes (VOC) challenge [57]. An early approach that
achieved comparative success on the PASCAL VOC dataset involved running an SVM clas-
sifier on features extracted from subwindows obtained with branch-and-bound search [58] or
selective search based on hierarchical segmentation [59]. However, while classical methods
made notable progress in detecting specific types of objects such as faces [60] and pedestrians
[61], the task of detecting general object categories was not only more challenging than image
classification but was also considered nearly intractable with classical methods.

Due to the complexity of semantic segmentation, it poses an even greater challenge for
classical methods than image classification or object detection. To tackle this, early studies
often employed bottom-up approaches, relying on hand-crafted low-level image features such
as the smoothness and continuity of image region boundaries [62], texture [63], or colour
[64]. An alternative to that is a top-down approach: for instance, Borenstein and Ullman
[65] proposed matching putative segments in target images with stored representations of
the shapes of objects from a particular class. Furthermore, since semantic segmentation
is essentially classification at the pixel level, the concept of visual words – as previously
mentioned, first applied to image classification in the domain of computer vision – found its
use for semantic segmentation as well. Thus, in Schroff et al. [66], each class was modelled
with a single histogram of visual words; afterwards, during classification, a label was assigned
to each pixel by generating visual words in its neighbouring region, calculating a histogram
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for them, and then identifying the closest match among class histograms to that histogram
by finding the shortest Euclidean distance. However, as Yu et al. [67] note, while the method
of single-histogram class models is easy to implement, its disadvantage is that it treats each
pixel individually, whereas the very concept of dividing image into segments or superpixels
implies that they are associated with each other. Another pixel-wise method, TextonBoost
[68, 69], sought to better capture local information by employing a Conditional Random
Field (CRF, [70]). The CRF took extracted image features such as texture, layout, colour
distribution, location, and the edges of putative objects as its input; the use of these features
allowed the CRF to model contextual relationships between pixels. However, as Sturgess et
al. [71] observe, the rough shape and texture model of TextonBoost resulted in imprecise
representation of object boundaries.

Overall, CRF-based, top-down, and bottom-up classical semantic segmentation methods
were not sufficiently accurate or robust for many real-world applications.

1.3.2 Deep learning-based methods

The rise in popularity of deep learning-based methods began in 2012, when the con-
volutional neural network (CNN; a particular class of DNN optimized for analysing visual
imagery; details follow) AlexNet [18] won the ILSVRC2012 [72] image classification compe-
tition by a landslide, achieving a Top-5 classification error of 16.4% and thus outrunning the
closest competitor by 9.8% [72]. In just a few years, image classification became dominated
by DNN-based methods (cf. Figure 1.7). A similar shift occurred in object detection by
2014, when the Regions with CNN features (R-CNN)[73] model was introduced and con-
vincingly outperformed its closest competitor, the classical methods based Deformable Parts
Model (DPM) v5 [74]. On the PASCAL VOC07 dataset, R-CNN achieved a mean average
precision of 58.5%, compared to 33.7% by DPM-v5. The same transition occurred in the
domain of semantic segmentation: today’s state-of-the-art methods are DNN-based, and as
demonstrated by a recent benchmarking study by Plaksyvyi et al. [75], they substantially
outperform their classical forerunners.

Figure 1.7: Top-5 error rate of image classifiers that won ILSVRC. The depth of the models
is provided as well; note that the error rate decrease corresponds to increase in the depth of
the models. Also note that since ResNet [76], the state-of-the-art models have outperformed
humans (the last bar) on this challenge. Adapted from [5].
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As a result of the expansion of deep learning, DNNs have largely replaced classical meth-
ods for the majority of image understanding tasks. As O’Mahony et al. [15] point out in their
comprehensive comparison of deep learning with classical ML methods, the latter are still
used nowadays when image understanding tasks can be solved by simple means, such as pixel
counting or colour thresholding, when algorithms must run on low-power devices incapable
of supporting resource-hungry DNNs, or as an auxiliary method alongside DNNs. However,
in most other cases, DNNs are preferred over classical approaches. The primary reason is
their superior performance, yet several other factors contribute to their popularity. One key
advantage is that it is not necessary to hand-craft features for them (cf. Figure 1.4 (b)),
as DNNs learn directly from data through end-to-end learning. Additionally, their accuracy
scales with the increase of the data available for training DNNs, and transfer learning (see
Section 1.4.2) allows DNNs to apply knowledge learned from large datasets to smaller ones.
Finally, the availability of open-source frameworks for deep learning, such as TensorFlow
[77], Keras [78], and PyTorch [79] has also facilitated the rise of deep learning to popularity.
As for the drawbacks of deep learning, the most notable of them are that DNNs require a
large amount of data and computing power for training. However, the vast amounts of data
available on the Internet and the powerful graphics processing units (GPUs) available on the
hardware market help mitigate these challenges.

Due to its popularity, deep learning is currently a vast and very rapidly evolving field of
research in both academic and industrial domains, with a wealth of literature and Internet
sources available. Some of the best surveys of this field have been written by LeCun et al.
[80], Pouyanfar et al. [81], and Alom et al. [82]; furthermore, excellent introductions to the
field can be found in textbooks by Goodfellow et al. [14], Howard and Gugger [83], Chollet
[84], Glassner [85], and Zhang et al. [86], among many others. In the following brief overview
of deep learning, I follow the path commonly found in these sources and approach the task
of outlining the underlying principles of deep neural networks by starting with the simplest
building block of a neural network: the single artificial neuron.

Single neuron model

The development of the artificial neuron model was originally inspired by the structure and
functionality of its biological counterpart (cf. Figure 1.8 (a)). The first such model, which
implemented simple logic gates, was proposed by Pitts and McCulloch [2]; later, Rosenblatt
[87] advanced it by improving the architecture and the learning algorithm of the model, thus
making it capable of performing linearly separable classification tasks. The direct descen-
dant of the McCulloch–Pitts neuron and the perceptron, the modern artificial neuron (cf.
Figure 1.8 (b)), is described by the formula

y = f

(
n∑

i=1

wixi + b

)
, (1.14)

where xi is the i-th input to the neuron, wi is the weight that the i-th input to the neuron
is multiplied by, b is the bias term, f is the activation function, and y is the output of the
neuron. Remarkably, the artificial neuron retains some similarities to biological neurons: the
inputs x1, x2, x3, ..., xn of the artificial neuron are similar to the signals from other neurons
that a biological neuron receives via dendrites, the weights w1, w2, w3, ..., wn that these
inputs are multiplied by – to the strength of synaptic connectivity, the summation function∑

of the artificial neuron – to the aggregation of the activations received via dendrites in the
body of the neuron, and the activation function f of the artificial neuron – to the threshold
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for firing in a biological neuron.

(a)

(b)

Figure 1.8: Schematic representation of (a) a biological neuron; (b) an artificial neuron.
Reproduced from [85] and [88].

However, it should be emphasised that these similarities are observed at a rather high
level of abstraction; moreover, artificial neurons significantly diverge from the structure and
function of biological neurons to meet their specific functional and computational require-
ments. In particular, two essential features of the model of the modern artificial neuron, its
activation function and optimisation algorithm, are driven by practical considerations, such
as the desired output range and learning efficiency, rather than by striving for biological
plausibility. The most commonly used activation function in a modern artificial neuron is
the Rectified Linear Unit (ReLU) function:

f(x) = max(0, x). (1.15)

ReLU was originally introduced in the context of artificial neural networks by Fukushima [89]
and gained popularity through the work of Nair and Hinton [90]. As Bhumbra [91] observes,
while earlier popular activation functions, such the Heaviside step function (Figure 1.9 (a))
and the sigmoid function (Figure 1.9 (b)), were biologically inspired – the former resembling
the ‘all-or-none’ firing property of a biological neuron, and the latter resembling the firing
rate of a biological neuron – ReLU (Figure 1.9 (c)) has no known physiological correlates.
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Nevertheless, ReLU offers several advantages over both the Heaviside step function and the
sigmoid function, especially in neural networks with multiple artificial neurons. In particular,
compared to the Heaviside step function,

f(x) =

{
1 if

∑n
i=1wixi + b ≥ 0

0 otherwise,
(1.16)

the advantage of ReLU is that its output is continuous rather than discrete, allowing to lever-
age efficient gradient descent-based optimisation approaches (discussed later). In comparison
with the sigmoid function,

σ(x) =
1

1 + e−x
, (1.17)

ReLU is less computationally expensive and helps mitigate the vanishing gradient problem,
which can cause learning to stall in neural networks.

(a) (b) (c)

Figure 1.9: Activation functions of artificial neurons: (a) the Heaviside step function; (b) the
sigmoid function; (c) the ReLU function.

The foundational algorithm for optimising artificial neurons, gradient descent, updates
the weights w1, w2, w3, ..., wn

5 of a single neuron as follows:

wi,new = wi − α · ∂L

∂wi

(1.18)

where wi,new is the updated weight wi after a single iteration of gradient descent, α is the
learning rate – a small (typically in the range from 0.1 to 0.001, depending on such factors as
the size of the model and characteristics of a training dataset) constant determining the size
of the update step – and ∂L

∂wi
is the partial derivative of the loss function L (e.g., binary cross-

entropy loss, or mean squared error loss) with respect to the weight wi. The loss function
measures the error between the predicted output of the neuron and the ground truth, i.e., the
actual target values. Although gradient descent has no direct neural correlates, it has proven
to be an efficient optimisation algorithm for artificial neurons and is widely used today as a
constituent part of the backpropagation algorithm [92, 93] to implement learning in artificial
neural networks of different scale, from a single neuron to large and complex DNNs.

5For the sake of simplicity, the bias term b is treated as yet another weight for the input x = 1.
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Fully connected artificial neural networks

As previously mentioned, an artificial neuron is an essential concept for understanding deep
learning. However, a single neuron alone does not have the capacity to solve image under-
standing tasks6 due to their high complexity. The capacity to solve such tasks emerges when
artificial neurons are assembled into a network. A simple instance of such a network consists
of an input layer, an output layer, and one or more intermediate layers, known as hidden
layers. As the information flows in one direction, from input to output, the network is called
a feedforward neural network; moreover, as each neuron n

(l)
1 , n

(l)
2 , n

(l)
3 , ... n

(l)
n in layer l is

connected both to every neuron n
(l−1)
1 , n

(l−1)
2 , n

(l−1)
3 , ... n

(l−1)
k in layer l − 1 and to every

neuron n
(l+1)
1 , n

(l+1)
2 , n

(l+1)
3 , ... n

(l+1)
m in layer l+1 (where k,m = n or k,m ̸= n), the network

is fully connected (Figure 1.10).

Figure 1.10: Schematic representation of the architecture of a fully connected feedforward
neural network. Reproduced from [94].

A good example of the capacity of a simple fully connected feedforward network can be
found in Nielsen’s now-classic textbook on neural networks [95]: an artificial neural network
(ANN) with a single hidden layer of 30 neurons achieves an accuracy of about 95% on the
task of classifying hand-written digits in the MNIST dataset [40]. A sceptic might argue
that, for a number of reasons, the simplicity of this example ANN is only ostensible, both
architecture- and usage-wise. For instance, the number of the neurons in the hidden layer
has be determined heuristically, finding the optimal point between underfitting and overfit-
ting. While there are now relatively clear guidelines for choosing an activation function, this
decision has historically been more complex. Additionally, the backpropagation algorithm
becomes more intricate in a multi-neuron, multi-layer network, and its learning rate requires
adjustment by trial and error. While these arguments are valid7, the remarkable simplicity
of neural networks lies in the fact that once their building blocks – such as artificial neurons
and learning algorithms – are designed, they can be applied to many other tasks without
requiring any fundamental changes.

Indeed, there is nothing about the design of the above ANN that indicates it is specifically
intended for classifying hand-written digits. While the sizes of the input layer, hidden layer,
and output layer had to be adjusted to match the input image size, the complexity of the
data, and the number of classes in the dataset, there was no need for feature engineering. In
other words, it was not necessary to explicitly indicate that the digit zero resembles an oval,
or that the digit nine looks like a circle with a squiggle under it, etc.

6Apart from some very simple cases, such as pixel intensity-based decision making.
7The importance of these architectural and learning considerations is one of the reasons why it took several

decades for the ANN and deep learning (DL) paradigms to become practically operational for such complex
tasks as image understanding.
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As a result, the same architecture can be successfully applied to classify very different
images. To exemplify that, I implemented the same architecture as above in the Keras
framework [78] and trained it in the Google Colab environment8 on an NVIDIA A100 GPU,
following the same procedure as in Nielsen [95] – 30 epochs of training, stochastic gradient
descent learning algorithm with α = 3.0, the mini-batch size of 10 – on a more recent and
complex alternative to MNIST, the Fashion MNIST dataset [96](see the visual comparison
between the two in Figure 1.11).

To ensure comparability, I also reproduced Nielsen’s MNIST experiment [95] and repeated
each experiment 30 times. As a result, similar to what Nielsen reported, the model in the
MNIST experiment achieved a mean accuracy of 94.6% (SD = 0.0036, variance = 1.31e-05)
on the test data. As expected, the performance of the non-adapted model on the Fashion
MNIST dataset was substantially lower, achieving a mean accuracy of 84.8% (SD = 0.0085,
variance = 7.24e-05) on the test data. However, this is still significantly higher than the
accuracy of a putative ‘naive’ classifer (100%/10 classes with equal sample size = 10%) and
serves as a fitting example of the generalisability of ANNs to new data.

Figure 1.11: Examples from MNIST (top) and Fashion MNIST (bottom) datasets. Fashion-
MNIST columns represent the following classes: T-shirt, trousers, pullover, dress, coat,
sandal, shirt, sneaker, bag, and ankle boot. Reproduced from [97].

Convolutional neural networks

Despite the advantages of fully connected ANNs, they also suffer from certain drawbacks
when applied to image understanding tasks. In particular, they do not take into account the
hierarchical patterns or spatial relationships in data, as they treat each input feature – such
as a pixel value in a grayscale image, or a channel value in an RGB image – independently
rather than considering its relation to spatially adjacent features. This drawback may not be
particularly evident when fully connected ANNs are trained on simple datasets like MNIST,
where the target object occupies the entirety of the image and is centred. However, it

8https://colab.research.google.com/; accessed 10 September 2024.

25

https://colab.research.google.com/


negatively affects the performance of such architectures on more complex datasets, such as
ImageNet [19], or in real-world applications. Additionally, the dense connectivity in fully
connected ANNs is not particularly computationally efficient due to the high number of
parameters, which may impact both training and inference performance of such networks.

Convolutional neural networks (CNNs), the most popular architecture for image
understanding, have revolutionised the use of ANNs in computer vision [98] and are also
the primary tool used in the research reported in this thesis. CNNs successfully address the
challenges of utilising spatial patterns in image data and making network connectivity more
sparse, thereby improving efficiency.

Historically, the design of CNN was inspired by Hubel and Wiesel’s [99] experimental
research on the processing of the visual spatial information in the cat brain. Fukushima’s
Neurocognitron [100] was the earliest attempt to integrate the principles of visual shift in-
variance discovered by Hubel and Wiesel in biological systems into the design of artificial
neural networks. Building on this foundational work to develop robust applications, LeCun
– often dubbed the father of CNNs – along with his collaborators, improved the methodology
of training models invariant to pattern shifts by integrating the backpropagation algorithm
into it. This led to state-of-the-art results at the time in image understanding tasks such
as document [101] and handwritten zip code [102] recognition. Finally, as previously men-
tioned, a revolutionary breakthrough in the development of CNNs occurred in 2012, when
the AlexNet [18] won the ILSVRC competition [72] and sparked an exponential surge in the
creation of new CNN architectures and their practical applications.

While the range of available CNN architectures is broad, from the early pioneering LeNet
[101] to the most recent state-of-the-art models, a typical CNN architecture consists of three
main types of layers: convolutional, pooling, and fully connected layers (Figure 1.12).

Figure 1.12: Architecture of a convolutional neural network. Reproduced from [98].

Convolutional layers are the central building blocks of CNNs. Each layer consists of a
number of kernels – small matrices with weights that a CNN learns during training. A kernel
operates by sliding across the input that it receives from the previous layer and performing
dot product multiplication with the part of the input it covers9 (Figure 1.13). As a result,
each kernel produces a feature map that indicates the presence of specific features, such
as edges or textures, in its input layer (Figure 1.14). Feature maps tend to increase in
complexity in deeper layers of CNNs: while activations in the initial layers resemble edge
detection, activations in deeper layers respond to more complex patterns. Mathematically,
the basic form of a convolution applied to a two-dimensional image can be expressed by the
following formula:

9Which, to revisit neurophysiological analogies once again, corresponds to the receptive field of a biological
neuron.
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S(i, j) = (I ∗K)(i, j) =
∑
m

∑
n

I(m,n)K(i−m, j − n), (1.19)

where I denotes the image, I(m,n) is the pixel value of the input image at position (m,n),
K represents the kernel, and S(i, j) is the output of the convolution operation at position
(i, j).

Figure 1.13: The basic form of a convolution of a two-dimensional image. The boxes with
arrows are drawn to demonstrate how the dot product of the kernel with the upper left
element of the input forms the corresponding element of the output. Reproduced from [14].

Figure 1.14: An example of edge detection with a convolutional kernel. Note that, for
illustrative purposes, the kernel used in the example is composed of predefined integers.
Such an approach is characteristic of traditional image processing, whereas CNNs employ
floating-point kernels that learn their weights during training. Reproduced from [103].

Some essential aspects of implementing convolutional layers include the choice of activa-
tion function, the number of channels in a kernel, and the selection of padding and stride size.
To introduce non-linearity, ReLU or other similar activation function is typically applied to
the feature map before it is passed to the next layer. Furthermore, since the input to a
convolutional layer typically has multiple channels, each kernel must have as many channels
as the input. During convolution, each channel is convolved separately, and the resulting
values are summed to produce a single output value for each location in the feature map
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(Figure 1.15). Padding the image with zeros or values of neighbouring pixels is often used
to ensure that image size does not shrink after each convolution. While the default stride
size for a kernel is 1, larger strides can be used for the sake of dimensionality reduction or to
increase the computational efficiency of the network.

Figure 1.15: Application of convolutions to an input that has multiple channels. Note that
each kernel must have as many channels as the input, but the output consists of one channel
per kernel. Reproduced from [85].

Overall, the use of convolutional layers provides the advantage of sparsity, as the weights
in a given convolution kernel are the same for all the input values it is applied to. This results
in fewer weights for the network to learn compared to fully connected layers. Additionally,
applying the same kernel across the entire input allows the network to detect features cor-
responding to the given kernel regardless of their location – an important advantage over
networks relying solely on fully connected layers.

Pooling layers typically follow convolutional layers in CNN architectures. Their primary
function is to reduce feature maps produced by the preceding convolutional layer, thereby
decreasing the number of parameters and reducing the overall complexity of the network. The
two main types of pooling in CNN are average pooling and max pooling. Average pooling
outputs the average value of all inputs in a rectangular window of a certain size (Figure 1.16
(a)) and is expressed by the following formula:

Pavg(x, y) =
1

N

N∑
i=1

xi (1.20)

Max pooling, on the other hand, outputs the largest value of all inputs within a rectangular
window of a certain size (Figure 1.16 (b)) and is expressed as:

Pmax(x, y) = max(x1, x2, ..., xN) (1.21)

Fully connected layers are typically the final layers in a CNN. Their purpose is to map
the features learned by the preceding layers – mainly convolutional layers followed by pooling
layers – onto the output of the network, making it possible for CNNs to perform tasks such as
image classification, object detection, semantic segmentation, and other image understanding
tasks.
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(a) (b)

Figure 1.16: Visual examples of pooling operations: (a) average pooling; (b) max pooling.
Reproduced from [104].

In the remainder of this section, I will describe the specific CNN models used in the
research presented in this thesis.

Image classification models. For image classification tasks reported in this thesis, I
used three CNN models: MobileNetV2 [105], MobileNetV3Large [106], and EfficientNet-B7
[107].

MobileNets is a family of compact CNNs designed to balance accuracy and latency. To
date, there have been three generations of MobileNets: the original MobileNet [108], Mo-
bileNetV2 [105], and MobileNetV3 [106]. As the name suggests, they were developed with
the goal of making it possible to deploy them on mobile and other low-power devices, such
as edge and embedded devices.

The first generation, the original MobileNet, utilises depthwise separable convolutions,
originally introduced by Sifre [109] and later implemented in Inception CNN models [110].
While both Inception models and MobileNet use depthwise separable convolutions for the
same purpose – to reduce the computational load – there is a substantial difference in how ex-
tensively this type of convolution is applied in the two architectures. Namely, while depthwise
separable convolutions are only used in the few initial layers of Inception CNNs, MobileNet
is primarily build from layers implementing them.

The core concept of depthwise separable convolutions is to split the two main components
of standard convolution operations – convolving the input to the layer with kernels, and com-
bining the results of convolutions to obtain new representations – into two distinct steps. To
do that, two layers are used: a depthwise convolutional layer, and a pointwise convolutional
layer, thereby reducing the computational cost. To elaborate, the computational cost C of a
standard convolution is:
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Cstd = DK ·DK ·M ·N ·DF ·DF [108], (1.22)

where DK×DK is the size of the kernel, DF ×DF is the size of the input to the convolutional
layer, M is the number of channels in the input, and N is the number of output channels.
The cost of depthwise separable convolution is the sum of the costs of depthwise convolution
and 1× 1 pointwise convolution:

Cdw = DK ·DK ·M ·DF ·DF +M ·N ·DF ·DF [108] (1.23)

Since the steps of convolving the input and combining the results of the convolutions are
performed jointly, a reduction in computation is achieved:

Cdw

Cstd

=
DK ·DK ·M ·DF ·DF +M ·N ·DF ·DF

DK ·DK ·M ·N ·DF ·DF

=
1

N
+

1

D2
K

[108] (1.24)

To sum up, depthwise separable convolutions reduce computations in comparison to stan-
dard convolutions by the factor of ≈ K2, where K is the size of the kernel DK ×DK [105].
Thus, in case of MobileNet, which uses 3× 3 depthwise separable convolutions, the compu-
tational cost is reduced by ≈ 9 times.

Another means of improving performance in MobileNet is the use of the ReLU6 activation
function instead of the standard ReLU, that is, confining the output to a maximum of 6,
ensuring it remains within the range [0, 6]:

f(x) = min(max(0, x), 6). (1.25)

The purpose of using ReLU6 rather than ReLU is to improve the robustness of low-precision
computations.

As a result of these improvements, MobileNet, whose architecture consists of an initial
3×3 standard convolution layer with stride 2, followed by 13 depthwise separable convolution
blocks (see Figure 1.17 (a)), and then a global average pooling layer and a fully connected
layer, contains far fewer parameters than a model with the same architecture using full con-
volutions – 4.2 million vs 29.3 million – yet still achieves comparable accuracy, 70.6% vs
71.7%, on the ImageNet classification task [108].

The next generation of MobileNets, MobileNetV2, features substantial modifications to
the main building blocks of the network. While the original MobileNet has 2 layers in each
building block, in MobileNetV2, each building blocks consists of three layers (Figure 1.17,
(b) and (c)):

• The first layer is a 1 × 1 convolution layer; it increases the channel dimension of the
input feature map. This expansion is necessary to improve the capacity of depthwise
convolution, as otherwise, its capacity would be lower than that of regular convolution.

• The second layer is a 3× 3 depthwise convolution layer.

• The third layer is another 1× 1 convolution layer, which shrinks the expanded feature
map back to its original dimension. Unlike the original MobileNet, this layer in Mo-
bileNetV2 does not use an activation function, as the authors found that using linearity
rather than nonlinearity in this layer prevents excessive loss of information.

As the overall narrow-wide-narrow sequence is known as the inverted bottleneck, this
three-layer building block in MobileNetV2 is respectively referred to as the mobile inverted
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(a) (b) (c)

Figure 1.17: Building blocks of MobileNetV1 (a) and MobileNetV2: (b) with stride = 1; (c)
with stride = 2. Note the skip connection in (b). Reproduced from [108].

bottleneck block [111]. The stride of depthwise convolutions in the mobile inverted bottleneck
block is either 1 or 2. In the case of stride, an additional feature – a skip connection

outputblock = f(inputblock) + inputblock (1.26)

– is added (see Figure 1.17 (b)) to improve gradient flow across multiple layers [105].
With these improvements, MobileNetV2 achieves a better accuracy on ImageNet – 72.0%

vs 70.6% – than its predecessor, MobileNetV1, while using less parameters, 3.4 million vs 4.2
million.

The architecture ofMobileNetV3, available in two sizes – Small10 and Large – was designed
by Howard et al. [106] through a two-stage search.

The first stage of the search was platform-aware neural architecture search (NAS) fol-
lowing the methodology outlined by Tan et al. [112]. Since both studies used the same
RNN-based optimizer and architecture search space, Howard et al. [106] found similar re-
sults to Tan et al. [112] for their Large model, for which the target inference latency was
set to ≈ 80 ms. Therefore, the Large architecture selected after the first search stage was
one of the architectures designed by Tan et al. [112], MnasNet-A1. MnasNET models build
upon the MobileNetV2 architecture by incorporating squeeze and excitation operations [113]
into the mobile inverted bottleneck blocks. The squeeze operation is applied to the feature
map X of a convolutional layer with the dimensions H ×W × C (where H is height, W is
width, and C is the number of channels) to obtain a channel descriptor – a vector z with
dimensions 1× 1×C. Each entry zc of z is obtained by shrinking the respective channel Xc,
with dimensions H ×W , into a single value using global average pooling (GAP):

zc = GAP(Xc) =
1

H ×W

H∑
i=1

W∑
j=1

Xc(i, j) (1.27)

Next, the excitation operation uses z to recalibrate the channels of X. To do this, z is first

10As I did not use MobileNetV3Small in the research reported in this thesis, I will not discuss it in detail
here.
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passed through two fully connected (FC) layers, W1 and W2, to obtain the scaling vector s:

s = σ(W2ReLU(W1 z)), (1.28)

where σ denotes the sigmoid function. The vector s is then used to rescale X by multiplying
each channel Xc by a scalar sc:

X̃c = sc ×Xc (1.29)

The goal of the entire X → X̃ transformation, using squeeze and excitation, is to improve the
representative power of the CNN [113], thereby improving its performance without adding
significant computational overhead.

The second stage of architecture search employed the NetAdapt algorithm [114], which
was tuned to meet the needs of the study. The modified NetAdapt algorithm refined the
architecture obtained in the first stage by iteratively generating a set of new proposals, each
of which modified the architecture obtained in the previous iteration in a way that reduced
the inference latency by at least δ = 0.01|L|, where L was the latency of the seed model.
After generating a proposal, the pretrained model from the previous step was adjusted to the
proposed architecture, fine-tuned for 10 000 steps, and evaluated on the target metric, which
was maximise the ratio ∆Acc

∆latency
. Here, ∆Acc is the change in the accuracy of the model, and

∆latency is the change in the latency of the model (where ∆latency ≥ δ). Once the target
inference latency of 80 ms was achieved, the weights of the final model were obtained by
training the resulting architecture from zero on ImageNet [19].

In addition to the two-stage architecture search, Howard et al. [106] improved perfor-
mance by redesigning expensive layers, e.g., the last few layers of the network and the initial
convolutional layers. They also replaced ReLU with the swish activation function in some
blocks of MobileNetV3. Swish, introduced by Ramachandran et al. [115], is given by the
formula

swish(x) = x · σ(x).

Swish has been shown to improve accuracy over ReLU-based layers. However, it can incur
computational overheads when used on mobile devices due to the cost of computing the
sigmoid function, which is resource-intensive for mobile CPUs [106]. Therefore, Howard et
al. [106] replaced swish with hard-swish (h-swish), its piece-wise linear analogue:

h-swish(x) = x · ReLU6(x+ 3)

6

Furthermore, as Howard et al. [106] experimentally discovered that most of the benefits from
using swish come when this activation function is used in the deeper layers of the network,
MobileNetV3Large uses h-swish in the first block, blocks 2 to 7, and block 19, while blocks
8 to 17 retain the same activation function as in MobileNetV2, i.e., ReLU6.

As a result of these improvements, MobileNetV3Large achieves 75.2% Top-1 accuracy on
ImageNet, compared to 72% for MobileNetV2, all while reducing latency by 20% compared
to the latter.

EfficientNet-B7 is the largest model in the EfficientNet family of CNNs, developed by Tan
and Le [107] with the goal of achieving the same accuracy as state-of-the-art classifiers while
having fewer parameters (hence ‘efficient’ in ‘EfficientNet’). Similar to MobileNetV3, the
baseline model, EfficientNet-B0, was developed through an automated neural architecture
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search proposed by Tan et al. [112], optimising the model for both accuracy and computa-
tional efficiency. The goal of the optimisation was set as:

maximize
m

Accuracy(m)×
[
FLOPs(m)

T

]w
[112, 107] (1.30)

where m is the model, Accuracy(m) is the accuracy of the model, FLOPs(m) is the number
of the floating-point operations (FLOPs), which measures the computational demands of the
model, T is the target number of FLOPs (set to 400 million by the authors), and w is a
hyperparameter controlling the trade-off between accuracy and FLOPs, set to −0.07 by the
authors.

The same as with MobileNetV2, the main building blocks of EfficientNet-B0 are mo-
bile inverted bottlenecks, with added squeeze-and-excitation optimisation [113]. Overall,
EfficientNet-B0 baseline model consists of an initial standard convolutional layer with 3× 3
kernels, 16 mobile inverted bottleneck layers with kernel sizes of either 3 × 3 or 5 × 5, and
the final layers – a convolutional layer with 1 × 1 kernel size, a pooling layer, and a fully
connected layer.

To design the rest of the models in the EfficientNet family, a compound scaling method was
used. As Tan and Le observe [107], the typical approaches to scaling CNNs to achieve better
accuracy are to increase their depth, width, or, less commonly, image resolution. Usually,
only one of these dimensions is scaled at a time, as scaling two or three arbitrarily would
require many experiments based on trial and error approach, making it computationally
expensive. Instead, Tan and Le [107] propose a more advanced approach – to uniformly scale
up the depth, width, and image resolution using a set of fixed scaling coefficients. To do that,
one needs to specify the compound coefficient ϕ to indicate how many more computational
resources are available for the scaled-up model compared to the baseline model:

ϕ = log2

(
FLOPsscaled
FLOPsbaseline

)
, (1.31)

where FLOPsscaled is the number of FLOPs allocated to the scaled-up model, and
FLOPsbaseline is the number of FLOPs for the baseline model. Next, the coefficients for
depth d, width w, and image resolution r of the scaled-up model are set as:

depth: d = αϕ

width: w = βϕ

resolution: r = γϕ

s.t. α · β2 · γ2 ≈ 2

α, β, γ ≥ 1

[107] (1.32)

where α, β, andγ are constants determined via a small-scale grid search optimising for accu-
racy:

max
d,w,r

Accuracy(N (d, w, r))

s.t. N (d, w, r) =
⊙

i=1,...s

F̂ d·L̂i
i

(
X⟨r·Ĥi,r·Ŵi,w·Ĉi⟩

)
Memory(N ) ≤ target memory

FLOPs(N ) ≤ target flops.

[107] (1.33)
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Here d, w, and r, as in Equation 1.32, are the coefficients for network depth, network width,
and image resolution, respectively; FLi

i is layer Fi repeated Li times in the i-th block of the
network; ⟨Hi,Wi, Ci⟩ is the shape of input tensor X for layer i.

As a result, after setting ϕ to 1 for the baseline model EfficientNet-B0, which implied
search for EfficientNet-B1 with FLOPsscaled

FLOPsbaseline
= 2, the grid search returned the following opti-

mal coefficients for EfficientNet-B0: α = 1.2, β = 1.1, and γ = 1.15. These values of α, β,
and γ were then fixed as constants, and by increasing the value of ϕ, EfficientNet-B1 to B7
were derived. The largest model, EfficientNet-B7, achieved a marginally better accuracy of
84.4% on the ImageNet dataset compared to 84.3% by its closest competitor at the time, the
GPipe model [116], all while having considerably fewer parameters – 66 million versus 557
million.

Semantic segmentation models. For semantic segmentation tasks, I use two im-
age classification models – Xception [117], and MobileNetV2 [105] – both extended with a
DeepLabv3 [118] segmentation head.

Xception, released by Chollet in 2017, is a modification of the Inception type of archi-
tecture of CNNs, originally introduced by Szegedy et al. [119] and further developed as
Inception-v2 [110], Inception-v3 [120], Inception-v4 [121], and Inception-ResNet [121]. The
main building blocks of Inception models are the eponymous modules. While the implemen-
tation details of these modules vary from one generation of Inception networks to another,
an Inception module, in its simplified form, consists of a set of 1×1 kernels followed by 3×3
kernels, with the resulting feature maps concatenated (Figure 1.18).

Figure 1.18: Architecture of a simplified Inception module. Reproduced from [117].

The function of 1×1 kernels is to find cross-channel correlations, while the function of 3×3
kernels (or larger, e.g., 5×5 kernels, in other versions of Inception modules) is to find spatial
correlations. Since these operations are decoupled in Inception modules, the underlying
hypothesis of Inception, as Chollet [117] observes, is that these operations are sufficiently
independent from each other that it is better to keep them separate rather than combine them,
as a regular convolutional layer would. In Xception, this hypothesis is taken further (hence
‘Xception’, which stands for ‘Extreme Inception’) by postulating that these operations can
be entirely decoupled by replacing Inception modules with depthwise separable convolutions.
The resulting Xception architecture consists of 36 depthwise separable convolutional layers
with residual connections. These layers form three major parts of the model: the entry flow,
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through which the input data passes first, the middle flow, repeated eight times, and the
exit flow (Figure 1.19). Xception has the same number of parameters as its predecessor,
Inception-v3 [120]; it demonstrated marginally better accuracy than Inception-v3, 79% vs
78.2%, on the ImageNet dataset, and substantially better accuracy than Inception-v3 on
JFT, an internal Google dataset [117].

Figure 1.19: Architecture of Xception [117]. Reproduced from [117].

For semantic segmentation, Xception is used as the backbone of the DeepLabv3 [118]
model. The models in the DeepLab family are designed for repurposing image classifiers for
semantic segmentation tasks. The first DeepLab model was introduced by Chen et al. [122]
in 2014 and was soon followed by DeepLabv2 [123], v3 [118], and v3+ [124]11.

The backbone of DeepLabv1 is VGG-1612 [125] – a 16-layer CNN image classifier, which
was a state-of-the-art CNN at the time DeepLabv1 was released. To adapt VGG-16 for se-
mantic segmentation, the last max pooling layers are removed, and its fully connected layers
are replaced by convolutional layers to preserve dense spatial information that would other-
wise be lost, as fully connected layers would collapse it into a single vector. However, these
changes alone are not sufficient, as standard convolutions would yield very sparse feature
maps, a common issue when repurposing CNN-based image classifiers for semantic segmen-
tation. One way to address this is by using deconvolutional layers to produce more refined
segmentation masks [126]. However, as Chen et al. point out [122], this substantially in-

11As Deeplabv3+ was not used in the research reported in this thesis, I do not discuss it here.
12Named after the Visual Geometry Group at the University of Oxford, where the model was developed.
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creases the complexity and therefore the training time of the model. Therefore, DeepLabv1
employs an alternative approach: atrous (from the French à trous – ‘with holes’) convolu-
tions. Atrous convolutions, also called the hole algorithm and dilated convolutions, were
originally introduced in the field of signal processing to efficiently compute the undecimated
wavelet transform [127]. In the context of computer vision, this method involves either in-
serting zeros in convolutional kernels to increase their size, or, more efficiently, keeping the
kernels unchanged but sparsely sampling the feature map they convolve (Figure 1.20). Atrous
convolutions are given by the formula:

y[i] =
∑
k

x[i+ r · k]w[k] [118], (1.34)

where i is each location on the output y and the feature map x, w is the kernel, and r is
the atrous rate, that is, the stride with which the input signal is sampled. In VGG-16, as
the backbone of DeepLabv1, three last convolutional layers are expanded by a factor of 2
(i.e., r = 2), and the subsequent convolutional layer (which was a fully connected layer in
the original model) is expanded by a factor of 4 (i.e., r = 4).

(a) (b)

Figure 1.20: Illustration of atrous convolutions: (a) different rates of atrous convolutions for
a kernel size of 3×3; (b) atrous convolution in 2D. Top row of (b): using standard convolution
on a feature map with low resolution leads to the extraction of sparse features. Bottom row
of (b): using atrous convolution (rate = 2) on a feature map with high resolution leads to
the extraction of dense features. Adapted from [123] and [118].

Another hallmark of DeepLabv1 is the use of a fully connected CRF [70] to address the
inherent problem that arises when CNN-based image classifiers are repurposed for semantic
segmentation, namely, that classifiers need to be invariant to spatial transformation, whereas
semantic segmentation models require spatial accuracy [122]. The use of the CRF is an
efficient solution for this problem, as it can capture edge details while accounting for long-
range dependencies. Furthermore, at the time of the release of DeepLabv1, the CRF was
more computationally efficient than its alternatives [122].

By integrating these features with VGG-16, DeepLabv1 achieved both better speed and
accuracy, improving by 7.2% in mIoU compared to the nearest competitor on the PASCAL
VOC dataset, while keeping its overall architecture of the system simple, as it essentially
consists of two modules: a CNN, and a CRF module [122].

DeepLabv2 further improves the accuracy of semantic segmentation by efficiently address-
ing the issue that that objects can appear at different scales in input images – e.g., a tree
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might take up only a part of an image, or its entirety. To handle this, a model needs fil-
ters with fields of view of different size to segment objects efficiently. As the authors of
DeepLabv2 observe [123], the standard approach prior to their work was to run a model on
several rescaled versions of the same image and then aggregate the resulting feature maps.
However, as they note, while this indeed improved segmentation accuracy, it also introduced
significant computational overhead. To solve this, DeepLabv2 employs multiple atrous con-
volutional layers with different sampling rates in parallel. The outputs from these layers
are processed separately and then eventually fused to obtain the final result. Chen et al.
[123] call this approach ‘atrous spatial pyramid pooling’ (ASPP; Figure 1.21) and use it
not only with VGG-16, as in the first version of DeepLab, but also with the more efficient
ResNet-101 [76], demonstrating the compatibility of DeepLabv2 with various architectures.
As Chen et al. [123] report, these improvements enable DeepLabv2 to achieve a 79.7% mIoU
on the PASCAL VOC dataset and deliver state-of-the-art results on three other datasets:
PASCAL-Context [128], PASCAL-Person-Part [129], and Cityscapes [130].

(a) (b)

Figure 1.21: Atrous spatial pyramid pooling (ASPP): (a) Schematic representation of ASPP.
Different colours of the rectangles correspond to the different fields of view of kernels with
different rates. (b) Actual architecture of the ASPP module in DeepLab V2. Adapted from
[123].

The major change in DeepLabv3, compared to previous versions, is that it does not employ
the CRF anymore, allowing the model to be trained end-to-end13 and increasing its compu-
tational efficiency, as the CRF had introduced substantial computational overhead [118]. To
replace the CRF, DeepLabv3 implements two key changes. First, batch normalisation [110] is
introduced, which standardises the inputs to the layers of the model across each mini-batch.
Second, the ASPP module is enhanced by incorporating image-level features that encode
global context, helping to mitigate the issue of a decreasing number of valid kernel weights
in ASPP. This issue arises because, as larger sampling rates are used in ASPP, fewer weights
are applied to the valid feature region, with more being applied to the padding with zeros
[118]. In practice, that entails two main changes to the implementation of the ASPP module
(Figure 1.22):

• adding a 1× 1 convolution layer;

• applying global average pooling to the feature map produced by the layer preceding the
ASPP module, passing the obtained image-level features through a 1 × 1 convolution
with 256 kernels, and then bilinearly upsampling the output back [118].

13Previously, with the CRF, the training consisted of two stages.

37



As a result of the above improvements, DeepLabv3 achieved an mIoU of 85.7% on the
PASCAL VOC 2012 test set while also improving computational efficiency by eliminating
the CRF.

Figure 1.22: Overview of the DeepLab V3 architecture. Reproduced from [131].

While the original DeepLabv3 paper reports only experiments with ResNet-50 and ResNet-
101 [76] CNNs, the proposed system is compatible with a broad range of CNN-based classi-
fiers. In particular, the DeepLabv3 repository14 includes models based on Xception [117] and
MobileNetV2 [105]. To repurpose the original Xception classifier for semantic segmentation,
the authors of the repository implemented the following changes:

• increased the number of the layers, making the model available in three versions – with
41, 65, and 71 layers, respectively;

• replaced max pooling operations with atrous separable convolutions;

• added batch normalisation and ReLU activation after each 3×3 depthwise convolution.

In the adaptation of MobileNetV2 for semantic segmentation, the ASPP module is omitted
to enable faster computation.

Object detection models. For research involving object detection tasks reported in
this thesis, I use the YOLOv5 model. Models from the YOLO (You Only Look Once)
family, as the name suggests, can detect objects after just a single forward pass of the
input image. This makes such single-stage object detectors particularly fast and suitable
for real-time applications, especially in comparison with two-stage object detectors such as
R-CNN [73] and its successors, Fast R-CNN [132], Faster R-CNN [133], and Mask R-CNN
[134]. While single-stage object detectors initially tended to be less accurate than their two-
stage counterparts, over time, many versions of YOLO models have been introduced, from
the original YOLOv1 introduced in 2015 by Redmon and Farhadi [47], to the most recent
YOLOv8 [135] and YOLO-NAS (where NAS stands for ‘neural architecture search’) [136],
and as each generation has introduced improvements over previous versions, the accuracy of
the YOLO models has improved substantially.

In the following, I provide a brief overview of YOLO models from the foundational v1 to
the v5 model used in the research reported in this thesis.

14https://github.com/tensorflow/models/blob/master/research/deeplab/g3doc/model_zoo.md;
accessed 24 September 2024.
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YOLOv1 [47] operates by dividing an input image into a S × S (by default, S = 7) grid
of cells (Figure 1.23) with the notion that when the centre of some object in an image is
located within one of these cells, that cell is responsible for detecting the object, whereas
other cells are supposed to disregard it to prevent multiple detections. The output of each
grid cell includes:

• B bounding boxes (by default, B = 2). For each bounding box, 5 predictions are
given: x, y, w, h, and confidence scores. (x, y) are the coordinates of the centre of the
bounding box, whereas w and h are its width and height; importantly, the former pair
of coordinates is given relative to the boundaries of the grid cell, whereas the latter
pair of values is given relative to the entire image. The confidence score Sconf is defined
as:

Sconf = p(object)× IoU truth
pred [137], (1.35)

where p(object) is the probability that an object is present is a given bounding box, and
IoU truth

pred is the IoU between the predicted bounding box and the ground truth bounding
box.

• C class probabilities, conditioned as Pr(Class i | Object) on the grid cell containing an
object. Regardless of the value of B, only one set of C values is predicted per grid cell.

Architecture-wise, YOLOv1 consists of 24 convolutional layers (with kernel sizes of either
1 × 1 to reduce feature space, or 3 × 3) followed by two fully connected layers. Apart from
the final layer, which uses a linear activation function, all other layers use a leaky ReLU [138]
activation:

f(x) =

{
x if x ≥ 0

0.1x otherwise.
(1.36)

Overall, YOLOv1 was the fastest object detection model at the time of its release, with
the capacity to detect objects in real time. However, while it achieved an mAP of 63.4% on
the PASCAL VOC2007 dataset, its localisation error was substantially higher than that of
slower but more precise two-stage state-of-the-art detectors at that time such as Fast R-CNN
[132]. Furthermore, YOLOv1 suffered from low recall [139].

Figure 1.23: General scheme of YOLO. Reproduced from [47].
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YOLOv2 [139] features a number of improvements over v1, including batch normalisation
for all convolutional layers, a higher input resolution of the backbone classifier (448 × 448
in v2 vs 224 × 224 pixels in v1), and the adoption of a fully convolutional architecture by
removing dense layers. Yet another substantial change is the introduction of anchor boxes –
boxes of predefined size for predicting bounding boxes. Multiple anchor boxes are defined for
each grid cell, allowing for more precise capture of the varying sizes and shapes of objects. To
use anchor boxes efficiently, their size is found by k-means clustering on the bounding boxes
from the training split of the PASCAL VOC2007 dataset, rather than being hand-picked.

The architecture of YOLOv2 is based on the custom backbone architecture Darknet-19,
which contains 19 convolutional layers and 5 max-pooling layers. The detection head, which
is added to the backbone, consists of four convolutional layers and a passthrough layer.
The passthrough layer brings features with finer resolution of 26 × 26 from an earlier layer
to concatenate them with the coarser resolution grid of 13 × 13, on which detections are
predicted, thus improving the access of the detector to fine-grained features of the input
image.

Due to the above improvements, YOLOv2 achieved an mAP of 78.6% on the PASCAL
VOC2007 dataset, a substantial improvement over YOLOv1.

To reduce localisation errors and improve the detection of small objects, YOLOv3 [140]
transitioned to the new generation of the backbone, Darknet-53. In addition to the substan-
tially increased depth of the model, which consists of 53 convolutional layers vs 19 layers in
the YOLOv2 backbone, Darknet-53 features the adoption of strided convolutions instead of
max-pooling layers and the addition of residual connections. Another hallmark of YOLOv3
is multi-scale prediction: instead of predicting detections on a single grid, as in YOLOv1 and
YOLOv2, there are three different branches of the output of the backbone with increasing
resolution – a 13× 13, 26× 26 grid, and 52× 52 grid – which improves the detection of small
objects.

Due to the advancements in object detection around the time when YOLOv3 was re-
leased, this and the following versions of YOLO have been evaluated on the Microsoft Com-
mon Objects in Context (MS COCO) dataset [141], a more challenging benchmark for object
detection than the previously used PASCAL VOC 2007, which had become too easy a chal-
lenge. YOLOv3-SPP, a version of YOLOv3 that uses a spatial pyramid pooling (SPP) block
with different kernel sizes k× k (where k ∈ {1, 5, 9, 13}) and thus has a larger receptive field,
achieved an mAP of 36.2% on MS COCO. This was a state-of-the-art result at that time,
while YOLOv3-SPP also demonstrated substantially faster inference times than its competi-
tors – RetinaNet [142] and SSD (Single Shot Detector) variants [143, 144].

YOLOv4 and subsequent versions were released by research groups other than the original
team led by Farhadi and Redmon, as Redmon stepped away from computer vision research
due to concerns about its potential use for military purposes and privacy invasion. YOLOv4,
released by Bochkovsky et al. [145], features a number of improvements over previous ver-
sions; these improvements are based on extensive experiments conducted by the authors.
Thus, to identify an optimal backbone, they explored a range of architectures, including
ResNeXt50 [146], already mentioned Darknet-53, and EfficientNet-B3 [107]. By means of
conducting experiments as well as due to theoretical reasoning that the most suitable can-
didate for the backbone would have a larger receptive field size and number of parameters
[145], they selected the Darknet-53 architecture, enhanced with cross-stage partial connec-
tions (CSPD; [147]), which they named CSPDarknet53. Similar to YOLOv3-SPP, YOLOv4
adds an SPP block to the backbone and uses multi-scale prediction; however, the SPP of
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YOLOv4 is further modified, and while in YOLOv3-SPP the features from different layers of
the backbone are aggregated for multi-scale prediction using the Feature Pyramid Network
(FPN) method [148], YOLOv4 uses the Path Aggregation Network (PAN) method [149] for
that. The object detection head in YOLOv4 remains anchor-based, as in YOLOv3.

In addition to architectural changes, YOLOv4 introduces several further improvements,
divided into two categories: Bag-of-Freebies, and Bag-of-Specials. The Bag-of-Freebies in-
cludes methods that improve the accuracy of inference without slowing it down; cost-wise,
they either change the strategy of training the model, or increase the cost of training –
but, to emphasise again, not the cost of inference. Such methods include data augmenta-
tion techniques such as CutMix [150] and Mosaic data augmentation and other techniques
such as Complete IoU (CIoU) loss [151], Cross mini-Batch Normalization (CmBN), and self-
adversarial training. The methods in the Bag-of-Specials are the ones that slightly decrease
the speed of inference but substantially improve the accuracy of object detection. Some of
such methods implemented in YOLOv4 are the Mish activation function [152], Multi-input
weighted residual connections (MiWRC) for the backbone, and Distance IoU Non-Maximum
Suppression (DIoU-NMS; [151]) for the object detection head.

As a result of these improvements, YOLOv4 achieved an mAP of 43.5% on the MS COCO
dataset while maintaining real-time inference speed.

YOLOv5 [153], released shortly after YOLOv4 by Ultralytics under the leadership of
Glenn Jocher, marks a shift from Darknet to PyTorch [79] as its primary framework. The
adoption of PyTorch, with its larger and more established ecosystem and infrastructure, has
facilitated the wider use of YOLO (especially, as Hussain [137] notes, for mobile applications),
and has increased the number of open-source contributors to it. YOLOv5 offers four models
of different size, from the small YOLOv5s with 7.5 million parameters to the extra-large
YOLOv5x with 86.7 million parameters. Other notable changes in this version include the use
of the Sigmoid Linear Unit (SiLU; [154]) activation functions in the convolutional layers, the
adoption of advanced data augmentation techniques (including those from the open-source
Python library Albumentations [155]), and the introduction of the AutoAnchor algorithm.
AutoAnchor fine-tunes anchor boxes on the training dataset prior to training the network per
se, making them more suitable for a particular dataset, compared to the previous approach
of using anchor boxes tuned on the PASCAL VOC2007 dataset for all tasks.

Architecture-wise (see Figure 1.24 for an overview), YOLOv5 employs a modification of
the CSPDarknet53 backbone called New CSP-Darknet53, which connects to the object detec-
tion head via the Spatial Pyramid Pooling Fusion (SPPF) module – a more computationally
efficient equivalent of the SPP module – and the New CSP-PAN module, an updated version
of the PAN used in YOLOv4. The object detection head itself remains largely the same as
in YOLOv3 and YOLOv4.

Thanks to the above improvements, the largest version of YOLOv5, YOLOv5x, achieved
an mAP of 50.7% on the MS COCO dataset with an image input size of 640 × 640 pix-
els. Moreover, with an increased input size of 1536 × 1536 pixels and the use of test-time
augmentation, it achieved an mAP of 55.8% on MS COCO.
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Figure 1.24: Schematic representation of YOLOv5. Reproduced from [156].

1.4 Datasets for image understanding tasks

Having explored image understanding models, I now turn to the discussion of the datasets
for training and evaluating them. As the reader will observe, the focus of the discussion
broadens, as many insights pertain not only to image understanding but also to deep learning
as a whole.

1.4.1 The fundamental role of the data

Much of the attention of the general public and ML researchers and practitioners alike to the
progress in the field of AI has been captured by the emergence and performance of new AI
models, be those large language models-powered chatbots such as ChatGPT [3], text-to-image
generative models such as Midjourney [157] and DALL·E [158], or the image understanding
models discussed in earlier sections. While it is hardly surprising, as these models are en-
tities that actually carry out AI tasks, it appears that such a strong focus on the models
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may overshadow another cornerstone of AI: datasets for training and evaluation. Neglecting
the role of datasets would be particularly erroneous at the current historical stage of AI
development, since many AI subfields are presently dominated by deep learning approaches,
which are notoriously data-hungry. Therefore, while AI models are indeed at the forefront
of AI research, as Denton et al. observe, datasets ‘form the background conditions upon
which ML research and development operates: they structure how ML practitioners frame
and approach problems, inform how progress is defined and tracked within research commu-
nities, and create the grounds upon which algorithmic techniques are developed, tested, and
ultimately deployed in industry contexts’ [159].

As various authors acknowledge (see e.g. [14, 85]), the availability of large datasets for
training, evaluating and benchmarking models has been a major enabling factor for the
advancements of deep learning. Without such datasets, it would not be possible to fully
leverage the capabilities of DNNs. Open access to these datasets has sparked competition
to develop better models, democratising deep learning research and enabled researchers to
work on image understanding tasks even without the resources to acquire and label data
independently.

However, while open datasets such as CIFAR-10 and CIFAR-100 [160], MNIST [40],
ImageNet [19], PASCAL VOC [57], MS COCO [141], and Cityscapes [130] have accelerated
the development and improvement of image understanding models, real-world applications
often require specialised datasets. This leads to several data-related challenges when applying
DNNs to real-world problems, such as:

• datasets must be collected, curated and labelled, with the difficulty of labelling increas-
ing from image classification to object detection to semantic segmentation;

• datasets need to be large enough to prevent overfitting and diverse enough to avoid
bias;

• data collection may be impeded or made impossible by moral, ethical, and legal con-
cerns;

• due to concept drift, that is, the change between the class distribution at the time of
training vs the current class distribution [161], it may be necessary to acquire new data
and retrain the model on them.

Characteristic examples of such challenges are biomedical datasets (see Chapter 5): they
tend to be comparatively small, making overfitting a significant issue; acquiring additional
data is often time-consuming and expensive; labelling may require scientific expertise and a
lot of time, as images tend to be large and complex; class distribution tends to be imbalanced
[162], with more negative samples (e.g., images of cancer-free tissue samples) than positive
samples.

To mitigate the problems of data insufficiency and imbalance, one can use such approaches
as transfer learning, fine-tuning, data augmentation, and the use of synthetic data, as dis-
cussed in the following.

1.4.2 Transfer learning and fine-tuning

Transfer learning aims to improve the performance of a model on a target domain by lever-
aging knowledge learned from another domain (or several domains), referred to as the source
domain [163]. This allows models to learn effectively even when there is a limited supply
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of training data from the target domain; furthermore, the time and computational costs for
training a model can also be substantially reduced [164]. As surveys on transfer learning
observe [165, 163], this type of knowledge transfer is quite similar to our everyday experi-
ence: for instance, if one has already learned to play some musical instrument, it will likely
be easier to learn a new instrument, as the skills needed for both tasks are similar, albeit
not the same. In the context of deep learning, the typical workflow of implementing transfer
learning is as follows [166]:

• retrieve layers from a model trained on the source domain;

• freeze them to prevent information loss during the next steps;

• add several new trainable layers on top of the frozen layers;

• train the new layers on the target dataset;

• optionally: unfreeze the entire model (or part of it) and retrain it on the target dataset
using a low learning rate.

The last of these steps, called fine-tuning, allows to gradually fit the knowledge in the
unfrozen layers to the target dataset; due to the use of a low learning rate, it is expected
that the model adaptation will not result in loss of the information in unfrozen layers.

Transfer learning is often facilitated by the availability of open-access CNN models trained
on large datasets. Due to the advantages it offers, it is used in various DL application
domains including the ones that the following chapters of the thesis are concerned with,
namely, gesture recognition [167], autonomous driving [168], robotics [169], and medical
image classification [170].

1.4.3 Data augmentation

Another approach to dealing with the problem of data insufficiency is to use data augmenta-
tion techniques. The underlying assumption of data augmentation for image understanding
tasks is that it is possible to extract more information for training a model from the origi-
nal data by artificially inflating the training dataset by means of either warping images or
oversampling them [171]; importantly, the manipulations of the images should not change
the labelling, as that would make the augmented dataset unusable for training the model.
Some examples of image warping (see Figure 1.25) are geometric transformations such as
image flipping, random rotations, image cropping, image translation, random erasing, and
noise injection; furthermore, data warping may include colour transformations such as colour
space changes [172, 171]. The simplest approach to oversampling is image replication, that is,
duplicating images belonging to the underrepresented classes; some more advanced oversam-
pling methods are feature space augmentations and mixing images [171]. Furthermore, some
authors consider such approaches as GANs [12] to belong to the domain of data augmenta-
tion; however, it appears more reasonable to follow the distinction suggested by Nikolenko
[9] and reserve the use of the term ‘data augmentation’ for the methods involving recom-
bination and adaptation of real data while using the term ‘synthetic data’ for the methods
involving creating new data. In any case, the boundary between these two groups of methods
is sometimes quite blurry.
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Figure 1.25: Examples of applying image augmentation techniques.

1.4.4 Synthetic data

The most promising approach to solving the data availability problem for training DNNs
is arguably the use of synthetic data, that is, artificially generated data that are similar
to the data from the target domain. Nowadays, synthetic data is used for a broad range
of deep learning applications for image understanding tasks, from the navigation systems
of autonomous vehicles and unmanned aerial vehicles to medical image analysis to crowd
counting (see Nikolenko [9] for a comprehensive overview). The means of generating syn-
thetic data vary widely as well, including GANs, 3D computer graphics software toolsets
such as Blender15, 3D gaming engines such as Unity16 and Unreal Engine17, and assets (e.g.,
screenshots) from videogames. Importantly, in many cases, it is not necessary to label syn-
thetic data, as labelling can be obtained automatically when generating a synthetic dataset.
That makes synthetic data much more convenient to use and often less expensive to acquire
than real-world data, which typically need labelling. Other potential advantages of using
synthetic data include reducing reliance on real-world data, addressing the underrepresenta-
tion of some classes in real-world datasets, and obtaining data that would be challenging to
acquire in the real world due to legal obstacles or privacy concerns.

In the context of deep learning, there are several main ways to use synthetic data [9],
namely:

• to train DNN models such as classifiers or object detectors solely on synthetic data and
then run inference on the target domain data, i.e., on the real-world data;

• to refine (e.g., by means of using generative models such as GANs) synthetic data and
then train DNN models, as mentioned in the previous point, on the refined data;

15https://www.blender.org/; accessed 10 September 2024.
16https://unity.com/; accessed 10 September 2024.
17https://www.unrealengine.com/en-US; accessed 10 September 2024.

45

https://www.blender.org/
https://unity.com/
https://www.unrealengine.com/en-US


• to augment real-world datasets with synthetic data in order to obtain a better (e.g.,
more diverse, or larger, or both) training dataset.

The main obstacle for the applications of synthetic data in deep learning is the domain gap
between the real-world and synthetic data, which may lead to a decrease in the performance
of the models trained solely on synthetic images. To overcome this issue, one can adhere
to the augmentation approach rather than to rely on synthetic data alone, or try to make
synthetic images as photorealistic as possible, or employ simulation-to-reality (Sim2Real)
domain transfer techniques.

1.5 Concluding remarks

In this chapter, I provided the background for the research on image understanding pre-
sented in the rest of this thesis. I began with a broad outline of the field of computer vision,
emphasising its connection with various disciplines and subsequently focusing the discussion
on the narrower (yet still vast) topic of image understanding. Since my experimental work
reported in this thesis was mainly concerned with the three main image understanding tasks,
image classification, object detection, and semantic segmentation, I outlined the main met-
rics for measuring the performance of the models on these tasks and then discussed methods
for solving them, in particular, deep learning-based methods, which nowadays have largely
succeeded their so-called classical predecessors. I offered an in-depth overview of the par-
ticular models I used for my experiments, namely, MobileNetV2, MobileNetV3Large, and
EfficientNet-B7 image classifiers, DeepLabv3 semantic segmentation models, and YOLOv5
object detector. My goal was to capture the essential features of these models such as (to
mention just a few examples) the use of depthwise separable convolutions in MobileNet mod-
els, the notion of scalability underlying EfficientNet models, the use of atrous convolutions in
DeepLab models, and predicting both class probabilities and bounding boxes with a single
network in YOLO models. To present these models adequately, it was necessary to place
them in their historical context, that is, to compare them either with their predecessors
from the same model family (e.g., MobileNetV3 with MobileNetV2, and MobileNetV2 with
MobileNetV1, or YOLOv5 with the earlier versions of YOLO), or with related architectures
(e.g. Xception – ‘Extreme Inception’ – with Inception). In doing all that, I had to tread a
fine line between presenting the information in a rather schematic manner on the one hand
and attempting at transforming the chapter into something akin to a deep learning primer
on the other hand. As a consequence, tradeoffs were necessary, and while I hope that I have
presented some of the concepts and operations underlying the models in sufficient detail as
to allow the reader to understand them without resorting to additional sources, some other
features of the models were just briefly mentioned, as elaborating on them would require
overly lengthy detours. The same considerations apply to the discussion of another essential
aspect of deep learning – data for training and validating models: while I highlighted the
crucial role of data in deep learning and the impact they have on shaping the practices and
goals of the AI community as well as outlined the main means of mitigating the problems of
insufficient data and dataset bias such as transfer learning, data augmentation, and the use
of synthetic data, the said discussion was unavoidably limited in scope and depth. On the
whole, while I would prefer the background chapter of this thesis to be as self-contained as
possible, it appears to me that an uneven level of detail was hardly avoidable, as while quite
a few deep learning concepts can be understood even without having background in that
field, many of the current state-of-the-art CNN models, e.g. the recent versions of YOLO
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object detectors, and many advanced approaches to data augmentation and synthetic image
generation incorporate a lot of complex solutions and therefore do not lend themselves well
to brief yet exhaustive explanations ab initio.
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Chapter 2

Hand-Washing Movement

Classification

In this chapter, I explore applications of CNNs to the classification of hand-washing move-
ments with the goal of designing an automated system of monitoring the quality of hand
washing to evaluate and improve compliance with hand hygiene guidelines in a hospital set-
ting. The chapter is based on the following scholarly articles and conference papers:

[173] M. Ivanovs, R. Kadikis, M. Lulla, A. Rutkovskis, and A. Elsts, “Automated quality
assessment of hand washing using deep learning,” arXiv:2011.11383, 2020;

[174] M. Lulla, A. Rutkovskis, A. Slavinska, A. Vilde, A. Gromova, M. Ivanovs, A.
Skadins, R. Kadikis, and A. Elsts, “Hand-washing video dataset annotated according
to the world health organization’s hand-washing guidelines,” Data, vol. 6, no. 4, p.
38, 2021;

[175] O. Zemlanuhina, M. Lulla, A. Rutkovskis, A. Slavinska, A. Vilde, A. Melbarde-
Kelmere, A. Elsts, M. Ivanov, and O. Sabelnikovs, “Influence of different types of
real-time feedback on hand washing quality assessed with neural networks/simulated
neural networks,” in SHS Web of Conferences, vol. 131, p. 02008, EDP Sciences,
2022;

[176] A. Elsts, M. Ivanovs, R. Kadikis, and O. Sabelnikovs, “CNN for hand washing
movement classification: What matters more – the approach or the dataset?,” in
2022 Eleventh International Conference on Image Processing Theory, Tools and Ap-
plications (IPTA), pp. 1–6, IEEE, 2022.

My contribution to these studies was as follows. Although I did not personally conduct
data collection or labelling, I was involved in planning and overseeing these stages of the
dataset design. Furthermore, I actively participated in processing the datasets and conducted
experiments with CNNs; however, it should be mentioned that in the study by Elsts et al.
[176], my senior colleague Atis Elsts lead the work. Additionally, I was actively involved
in writing both the drafts and the final versions of the manuscripts of all the above studies
except the study by Zemlanuhina et al. [175], where my involvement in writing was less
direct.
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2.1 Introduction

To better understand the need for an automated system of monitoring the quality of washing
hands, it is essential to consider the role of hand hygiene in healthcare. Poor hand hygiene
is a primary cause of the two major epidemiological issues: the spread of multidrug-resistant
(MDR) bacteria, and the spread of infections in a clinical setting [177]. The literature
underscores that these issues are of a considerable scale: it has been estimated that infections
caused by MDR bacteria result in more than 35 000 deaths in the EU/EEA [178] and 1 270 000
deaths worldwide [179] annually. Given the severity of this problem, the European Centre for
Disease Prevention and Control (ECDC) and the World Health Organisation (WHO) have
designated limiting the spread of anti-microbial resistance as one of the global healthcare
priorities. Furthermore, hands are the main pathway of germ transmission in the healthcare
environment [180], which is a large-scale problem as well: it has been estimated that 8.9
million cases of healthcare-associated infections occur each year in hospitals and long-term
care facilities in the EU/EEA [181]. More than half of these cases are considered preventable
[181], with better hand hygiene being one of the primary means of prevention. To further
emphasise the scale of the problems caused by poor hand hygiene, I would like to note that the
above estimates predominantly date back to the period before the COVID-19 pandemic, and
although it has eventually been established that the SARS-CoV-2 virus is mainly transmitted
by air rather than via contaminated surfaces [182], the global health crisis caused by the
pandemic has made the issue of proper hand hygiene even more pressing.

As better compliance with hand hygiene recommendations reduces the prevalence of
healthcare-associated infections [183], it is crucially important to follow them. The most well-
known and widely adopted hand-washing technique is provided in the WHO guidelines [184];
it comprises the six key hand-washing movements (see Figure 2.1) that should be performed
for the overall duration from 40 to 60 seconds. Although this technique is often promoted
in educational campaigns [185] and is arguably easy to follow, epidemiological research indi-
cates that both general public and medical professionals tend to neglect it [186, 187, 188],
thus highly increasing the risk of spreading infections. While healthcare workers are usually
well aware that they should maintain high standards of hand hygiene, they may (actually,
as observational data indicate, typically tend to) wash hands for a period of time that is
too short, omit some of the movements mentioned in the guidelines, or even forget to wash
their hands altogether. That often happens due to the notoriously heavy workload and time
pressure in healthcare; some other likely reasons for the non-compliance with the guidelines
are lack of knowledge, hand skin irritation, and poor accessibility to disinfectants [184]. All
in all, the data on the compliance with the requirements for hand hygiene are quite alarming,
as research indicates that healthcare workers wash their hands properly in only about 40%
of cases [187, 188], which can hardly be considered a satisfactory performance. To give a
reference point, the goal of some educational campaigns was to attain compliance with the
WHO guidelines of at least 90% [189].

To improve hand hygiene, it is recommended to use a comprehensive approach [190,
186, 191], which includes organising awareness-raising campaigns, posting up reminders in
workplaces, ensuring that hand sanitisers are easily available, carrying out regular audits,
and assessing and providing feedback on how well hands are washed. However, it should be
noted that interventions reported in the literature have not always resulted in sustainable
results [192, 193], and improving hand hygiene compliance in healthcare settings still remains
a challenge.

One of the ways to address the issue of the quality of hand washing is to monitor it
with the purpose of both observing the level of compliance with the WHO protocol and
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0

Apply enough soap to cover 
all hand surfaces;

Wet hands with water;

3

Right palm over left dorsum with 
interlaced fingers and vice versa;

Palm to palm with fingers interlaced; Backs of fingers to opposing palms 
with fingers interlocked;

6

Rotational rubbing of left thumb 
clasped in right palm and vice versa;

Rotational rubbing, backwards and 
forwards with clasped fingers of right 
hand in left palm and vice versa;

Rinse hands with water;

9

Dry hands thoroughly
with a single use towel;

21

Rub hands palm to palm;

4 5

7 8

11

Your hands are now safe.

10

Use towel to turn off faucet;

Figure 2.1: Steps of washing hands with soap and water according to the WHO guidelines.
Reproduced from [184].

improving hand hygiene habits of medical personnel [194]. That can be done by such means
as tracking hand disinfectant consumption [195], direct real-time observation, or filming and
subsequently assessing the videos of how medical personnel wash their hands. Currently,
the established standard of monitoring is the direct observation approach [194, 196, 183];
although it offers multiple advantages, it also suffers from certain shortcomings, namely, it
is time- and resource-consuming, the observer may fail to notice important details, and the
whole direct observation paradigm is potentially subject to the Hawthorne Effect, which
implies that a person often changes their behaviour when they know that they are being
observed but may revert to their previous behaviour when they know that the observations
are over [194, 196].

To address the shortcomings of hand-washing monitoring, it can be automated, i.e., a
human observer can be replaced with a system functioning on its own. Such a system would
allow to collect a larger amount of observational data with better precision [197]; even more
importantly, it would be capable of functioning continuously and uninterruptedly around the
clock. While it is possible to use such data modalities as accelerometer data for monitoring
hand washing movements, a more prevalent approach (see Section 2.2) is to use video capture
from a camera installed above a sink. The main objectives of a monitoring system based
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on the video stream processing are to capture visual information (real-time video) of hand-
washing episodes and recognise and classify hand-washing movements; furthermore, it would
be helpful to enable the system to provide feedback to the user during each hand-washing
episode as well as to store the data (either recordings or their summaries) of all hand washing
episodes for further analysis [175]. To function successfully, such a system should be capable
of:

• recognising and classifying hand washing episodes with sufficient accuracy;

• tackling the domain shift problem, that is, performing well in new locations and with
new users;

• preserving the privacy of the users: for instance, it should not transfer the data in such
a way that they could be intercepted, as video footage can contain potentially sensitive
information;

• running on devices with low power consumption such as edge or mobile devices, as
that would facilitate the installation and practical usage of the monitoring system in a
real-world scenario.

A promising approach to implementing a system with all the features listed above is to
use a smartphone or an edge device as its central unit. The cameras of modern smartphones
allow for capturing video with a rather high resolution and frame rates; furthermore, their
screens and speakers make it possible to provide different kinds of audiovisual feedback, while
their haptic actuators can be used to provide tactile feedback by means of vibration. As for
edge devices, they have the advantages of being comparatively inexpensive and more portable
and therefore easier to install than traditional computers.

Regarding the software implementation part of a video-based hand-washing monitoring
system, the most challenging part of it is an algorithm for recognising and classifying hand-
washing movements. As state-of-the-art results in gesture and movement classification have
been achieved with CNNs [198], it appears promising to use these algorithms for the purpose
of classifying hand-washing movements. Therefore, the goal of the research described in this
chapter was to develop a CNN-based hand-washing movement classifier for a hand-washing
monitoring system. The main hypothesis was that lightweight CNNs, i.e., CNNs capable
of running on mobile and edge devices, can successfully, i.e., with the accuracy above that of
a putative ‘naive’ classifier, classify hand-washing movements in a real-world hospital setting.

The rest of the present chapter is organised as follows. In Section 2.2, I give an overview
of related work, discussing methods for monitoring hand washing. In Section 2.3, I describe
datasets containing hand-washing recordings: first, I characterise some such datasets that
are publicly available, then I proceed with the descriptions of two datasets – PSKUS, and
METC – that were acquired and processed by the team that I was a part of. In Section 2.4,
I report the initial experiments on these two datasets, and in Section 2.5 – the experiments
in a cross-dataset study, which comprised not only these two datasets, but also the Kaggle
dataset [199]. Finally, in Section 2.6, I finish this chapter with some concluding remarks.

2.2 Related work: methods for monitoring

hand-washing

I begin a brief overview of related work by highlighting the key points in the surveys on the
digital methods for monitoring hand hygiene. Several such surveys that are worth noting are
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works by Ward et al. [200], Srigley et al. [197], and a more recent publication by Wang et
al. [201].

Of the 42 scientific articles surveyed by Ward et al. [200], fewer than 20% included precise
estimates of the efficiency or accuracy of the presented systems, which indicates that this
crucial aspect of the automated hand-washing monitoring systems was insufficiently explored
at that time. In general, the surveyed systems typically evaluated the quality of hand washing
with a simple binary metric such as done/not done or used a single timer to detect its total
duration, yet neither approach is sufficient to ensure that all palmar surfaces have been
properly cleaned [200]. Furthermore, although some of the systems surveyed in that study
were classified as fully autonomous, they also included a wearable and mobile component,
which could impede their use in a real-world scenario. Ward et al. [200] also identified the
issues with cost, patient privacy, and lack of validation of the designed systems.

Srigley et al. [202] provided a systematic efficacy review of hand hygiene monitoring.
Most of the studies they surveyed only monitored general compliance with hand hygiene
guidelines; only one study also monitored the duration of hand-washing movements. In terms
of feedback, only two systems provided individualised feedback and real-time reminders. All
in all, Srigley et al. [202] considered the evidence for clinical adoption of electronic and
video-based hand hygiene monitoring systems insufficient. It is also worth mentioning that
for the future work, they suggested focusing on video-based monitoring approaches.

Wang et al. [201] conducted a comprehensive bibliographic search and identified 89 studies
of interest. In 73 of these studies, electronic systems of monitoring hand hygiene were used,
which had the following features:

• application-assisted direct observation: 5 out of 73 or 7%;

• camera-assisted observation: 10 out of 73 or 14%;

• sensor-assisted observation: 29 out of 73 or 40%;

• real-time locating system: 32 out of 73 or 44%.

Furthermore, in 21 of the surveyed studies, some type of evaluation of hand hygiene
quality was carried out, namely, the compliance with the WHO protocol was evaluated in
14 studies (67%), and the evaluation by means of applying fluorescent substances to the
hand surfaces and observing changes in their illumination, which reflects the quality of hand
washing, was done in the remaining 7 studies (33%). The authors identified such limitations of
electronic hand hygiene monitoring systems as insufficient accuracy, privacy, confidentiality,
and usability; in addition to that, they observed that there was a lack of standardised metrics
to evaluate performance across such systems.

Before discussing computer vision-based approaches, I would like to note that the surveys
mentioned above indicated that it is possible to monitor hand washing using data acquired
from non-visual sensors. Some examples of that are found in Wang et al. [203] and Galluzzi
et al. [204, 205]. Wang et al. [203] used armband sensor data and achieved high recognition
accuracy of the different movements according to the WHO guidelines, especially for the user-
dependent model, namely, 96% vs. 82% for the user-independent model. Galluzzi et al. [204,
205] reported the accuracy of 93% using consumer-grade wrist-worn accelerometers when
recognising the movements defined by the WHO. It is worth noting that in their experiments,
the devices were worn on both wrists, likely making the setup rather cumbersome.

All in all, approaches based on the wearable sensors have several drawbacks: first, they
require medical staff to put in extra effort (e.g., to wear a personal wristband device), which
can arguably reduce compliance; second, wearable devices can interfere with the hand washing
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procedure itself. Therefore, it appears reasonable to concur with the already mentioned
viewpoint in Srigley et al. [202] and consider computer vision-based systems to hold a better
promise for the design of hand-washing monitoring systems.

One of the earliest approaches to monitoring hand washing based on computer vision
was described by Hoey et al. [206], who focused on developing an assistant to aid dementia
patients with hand washing. They implemented a particle filter-based classification approach
and provided real-time feedback to the user; however, they did not try to distinguish between
the different types of hand washing movements. Llorca et al. [207] presented another vision-
based system with the explicit goal to provide an automatic hand-washing quality assessment
and recognise six different washing ‘poses’. As that study predates the era of deep learning, it
employed a classical machine learning approach with a complex pipeline involving skin color
detection, hand segmentation, a particle filtering model for hand tracking, and an SVM-based
classifier for the movement recognition. Although the reported accuracy was high (70.1% to
97.8%, depending on the motion) on a dataset with 4 test subjects, the generalizability of
the approach raises some doubts if more test subject were included, especially ones with a
darker skin colour, or if the approach were applied to videos taken in real-world conditions.

Since DNNs have achieved good results on many perceptual data-based tasks, there have
been a number of studies using them for hand-washing movement classification according
to the six-step WHO guidelines. Thus, Yeung et al. [208] presented a computer vision and
deep learning-based system for hand hygiene monitoring. The system used depth sensor
modality instead of the full video data to preserve privacy, and the data were classified
using a CNN. However, the authors aimed to recognise adherence to hand hygiene in general
rather than evaluating whether the user performs all specific hand movements. The study
by Li et al. [209] investigated the applications of CNN for gesture recognition in general
and achieved high accuracy, showing that this approach is suitable for the task. Prakasa
and Sugiarto [210] extracted frames from videos, converted the resulting images from RGB
channels to hue, saturation, and value (HSV) channels to obtain image component with high
contrast on the skin human region (the hue channel), and classified them using a custom
CNN classifier. However, the dataset they used consisted of a single instructional video;
therefore, the capacity of the model to generalise was not adequately tested. Nagaraj et
al. [211] designed a three-stream network architecture, based on classical works on two-
stream CNN fusion [212, 213]. The three streams utilized RGB frames, optical flow frames,
and histogram of gradients as the inputs, thus incorporating spatial, temporal, and object-
level information from the videos. The authors used the full Kaggle dataset [199] to show
that their approach performed better than any of the three modalities used separately, and
achieved 86.6% accuracy. Remarkably, such accuracy was achieved for 12-class separation1

and is likely to be even higher if a lesser number of classes were considered. Furthermore, the
authors also provided a GitHub repository with an implementation of the fusion classifier.
Another recent study by Cikel et al. [214] used the publicly available subset of the Kaggle
dataset [199] with hand-washing movements to train and evaluate 3 models consisting of a
ResNet-152 [76] CNN encoder and a decoder based on a 3-layer long short-term memory
(LSTM; [215]), using as input the RGB frames of the videos for the first one, the optical flow
for the second one, and a two-stream input made up of both RGB frames and optical flow
for the third one. The RGB network achieved an accuracy of 97.33%. Yamamoto et al. [216]
used vision-based systems and a CNN for a different problem, namely, for estimating how
well hands were washed. They compared the quality score of the automated system with the

1The 12-class problem arises when left-hand and right-hand washing movements are treated as separate
classes.
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ground-truth data obtained by applying on hands a substance that was fluorescent under
UV light. Their results demonstrated that the CNNs are able to classify the hand washing
quality with high accuracy.

All in all, as follows from the above brief survey of literature, there have been a number
of studies reporting high hand-washing movement recognition accuracy using CNN classi-
fiers based on pretrained models, which are often extended by implementing a multi-stream
network architecture, or by incorporating recurrent elements of DNN architecture such as
LSTM. At first glance, these results seem to suggest that the problem of automated monitor-
ing of hand-washing is on the verge of being solved, if not already resolved, yet they should
be taken with some caution, since the surveyed studies typically utilised datasets collected
in lab environments, such as the Kaggle challenge dataset [199], and therefore it is far from
certain whether their findings can translate well into applications in real-world scenarios.

2.3 Hand-washing recording datasets

Only a few datasets featuring recordings of hand washing were publicly available at the
time when the research reported in this chapter was conducted. Thus, the Kinetics Human
Action Video Dataset [217] by Google contains 916 videos of washing hands, whereas the
STAIR Actions dataset [218], which consists of more than 100 000 videos, contains around
1 000 videos that are related to washing hands. The Kaggle data science website2 hosts the
already mentioned Kaggle Hand Wash Dataset [199], which consists of 292 hand-washing
episodes labelled according to the WHO guidelines; however, only 25 of these episodes are
publicly available. The episodes were recorded at a resolution of 720×480 pixels at the frame
rate of 30 frames per second (FPS); the recordings were done in lab conditions with good
lighting and the movements being meticulously correct. Altogether, these three datasets have
several substantial limitations: none of them has more than 1000 hand-washing videos, they
do not feature medical professionals or a clinical setting, and only the Kaggle dataset, the
publicly available part of which is rather small, comes along with labelling according to the
WHO guidelines. Therefore, it appears that the public availability of the data for training
ML-driven classifiers of hand-washing movements is rather limited.

To address the lack of data for training and evaluating hand-washing movements classi-
fiers, a group of Latvian epidemiologists and their support team collected and annotated two
datasets of hand-washing videos in a clinical setting: the PSKUS dataset, and the METC
dataset. To make the datasets suitable for ML tasks, the data collection and annotation were
done in cooperation with the research team at EDI, of which I was a part. Afterwards, I con-
ducted classification experiments by training and evaluating CNN models on these datasets.
Therefore, I describe both these datasets in the following.

2.3.1 PSKUS dataset

Data acquisition

The PSKUS dataset was collected in the summer of 2020 at one of the largest hospitals
in Latvia, Pauls Stradins Clinical University Hospital (Paula Stradiņa kl̄ıniskā universitātes
slimn̄ıca (PSKUS) in Latvian, hence the name of the dataset) using a custom Internet-of-
Things (IoT) system (Figure 2.2). Each instance of the system consisted of one or several

2https://www.kaggle.com/; accessed 10 June 2024.
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(a) (b)

Figure 2.2: Data acquisition setup: (a) prior to deployment (b) deployed in hospital.

AirLive IP POE 100CAM cameras or Axis M3046V IP cameras installed above sinks for
washing hands and connected to Netgear 5-Port PoE Gigabit Ethernet switch GS305P, and
a Raspberry Pi 4 device with a microSD card that stored the Raspberry operating system, a
custom data acquisition program, and acquired video files. Such IoT systems were deployed
in nine different locations simultaneously, with one location corresponding to one sink. In
total, there were 12 cameras, as some of the Raspberry Pi devices had more than one camera
attached to them, which made it possible to record hand washing at a single sink simul-
taneously from different angles. The locations where the cameras were deployed included
a hospital neurology unit, surgery unit, an intensive care unit, and other hospital units in
Pauls Stradins Clinical University Hospital.

The cameras recorded all continuous movements within their field of view; the video
stream was captured at the frame rate of 30 FPS and the resolution of either 640 × 480
or 320 × 240 pixels. To filter out irrelevant movements of short duration, e.g., a person
passing by, a recording was only started in the case when motion was detected for 3 seconds
continuously; as a result, the videos in the dataset may miss up to the first 3 seconds of each
hand-washing episode. Furthermore, videos shorter than 20 seconds were not saved by the
recording system to reduce the number of false positives in motion detections.

The recorded data were manually transferred to a central server at Pauls Stradins Clinical
University Hospital by bringing microSD cards from the Raspberry Pi devices and uploading
the data from them onto the server.

Overview and structure

The PSKUS dataset consists of video files along with their annotations in CSV and JSON
formats. Table 2.1 presents an overview of the dataset.

The folders and files in the dataset are structured as follows:

DataSets

\- Dataset1

\- Videos

\- 2020-06-27_11-57-25_camera104.mp4

\- 2020-06-28_18-28-10_camera102.mp4
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\- ...

\- Annotations

\- Annotator1

\- 2020-06-27_11-57-25_camera104.csv

\- 2020-06-27_11-57-25_camera104.json

\- ...

\- Annotator2

\- 2020-06-27_11-57-25_camera104.csv

\- 2020-06-27_11-57-25_camera104.json

\- ...

\- Dataset2

\- Videos

\- ...

\- Annotations

\- ...

...

summary.csv

statistics.csv

Each video file has one or more annotations created by one or several annotators. For the
sake of convenience, annotations are provided in two formats, although most of the informa-
tion in the CSV and JSON files overlaps. Video files and their annotations have matching
names: thus, the video file name.mp4 has annotations in both name.csv and name.json.
Additionally, there are several files providing the overview information: the file summary.csv
contains a summary of the dataset, and the file statistics.csv contains the key metrics
for each hand-washing episode in the dataset.

Table 2.1: Overview of the PSKUS dataset.

Property Value

Frame rate (FPS) 30
Resolution 320 × 240 or 640 × 480
Number of videos 3 185
Number of annotations 6 690
Total washing duration (seconds) 83 804
Movement 1–7 duration (seconds) 27 517
Episodes with ring present 440
Episodes with armband or watch present 127
Episodes with long nails present 58

Labelling

Annotators – infectious disease experts involved in the research project, other medical pro-
fessionals, and volunteers, including Riga Stradins University students – were given access to
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the video files on the server to label the data. At the preliminary stage of analysis, the anno-
tators vetted the videos to remove the files that did not include actual hand-washing episodes.
Each annotator did that independently based on the guidelines provided to them; as a result,
some files have been vetted out by one annotator, but not by the other one(s). Therefore,
in the final dataset, some videos may have annotations in one folder (e.g., Annotator1) but
not in another (e.g., Annotator2). Furthermore, the annotators are anonymised in the final
version of the dataset, and the folder Annotator1 in one part of the dataset is not necessarily
annotated by the same person as the folder Annotator1 in a different part of the PSKUS
dataset.

Afterwards, annotators labelled hand-washing movements in the videos using a custom
annotation program developed in the Python programming language using OpenCV com-
puter vision library, which allowed to assign to each video frame the following information:
(1) whether hand washing was visible in the frame, and (2) which (if any) of the movements
defined in the WHO guidelines hand washing corresponded to. The annotation guidelines
were developed by epidemiologists involved in data collection and acquisition on the basis
of the WHO guidelines. In total, seven different hand washing movements were defined as
recommended by the WHO; with the addition of the other movement, the list of movement
labels is given in Table 2.2.

Table 2.2: Movement codes for hand-washing movements.

Movement code Movement description

1 Palm to palm
2 Palm over dorsum, fingers interlaced
3 Palm to palm, fingers interlaced
4 Backs of fingers to opposing palm, fingers

interlocked
5 Rotational rubbing of the thumb
6 Fingertips to palm
7 Turning off the tap with a paper towel
0 Other hand-washing movement

According to the annotation guidelines provided for the annotators:

• Code from 1 to 6 is used to denote a correctly performed hand-washing movement that
corresponds to one of the movements from the WHO guidelines.

• Code 0 is used to denote either a movement from the WHO guidelines that is not per-
formed correctly, or any washing movement that is not defined in the WHO guidelines.

• Code 7 is used to denote the process of correctly terminating the hand-washing episode.
Specifically, for movement 7 to be recorded, the tap has to be turned off in the following
way: the person washing their hands has to take the towel, dry their hands with it,
and then turn off the tap with the towel rather than with a bare hand, thus preventing
potential contamination from the tap handle.

• Frames that do not capture hand-washing are labelled accordingly, i.e., with is washing

set to zero.

Additional annotations applied to the whole video rather than to separate frames indicate
whether the person that is washing hands is wearing a ring, watch, armband, or has long
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Figure 2.3: Number of annotators per video in the PSKUS dataset.

artificial nails, as these items may interfere with the quality of hand washing [219, 184, 220].
These annotations are as follows:

• A - armband or watch.

• R - ring.

• N - long nails.

To increase the reliability of the annotations, the majority of files in the dataset are
labelled by more than one annotator (Figure 2.3). In particular, out of 3 185 videos, 882
were labelled by one annotator, 1 691 by two annotators, 355 by three annotators, 141 by
four annotators, 4 by five annotators, 8 by six annotators, and 104 by seven annotators.
Some statistics on the inter-annotator agreement are as follows: frames that were annotated
by two annotators have 91.23% agreement on the is washing label, and for those frames
where both annotators have assigned a value of 1 to is washing, there is further agreement
of 90.06% on the movement code. As for cases of inter-annotator disagreement, the following
reasons were identified in the dataset:

• short-term disagreement between the labels typically exists at time points when washing
movements change;

• movement 1 and movement 3 look quite similar and can be hard to distinguish when
filmed at an angle;

• the interpretation of what constitutes movement 7 has been different between the dif-
ferent annotators;

• some of the videos have low light levels.

Data distribution

After splitting the videos into frames and keeping only those where two or more annotators
assigned the same label, the data in the PSKUS dataset has the following distribution by
classes: class 0 - 922 724 frames, class 1 - 61 844 frames, class 2 - 93 924 frames, class 3
- 41 489 frames, class 4 - 53 188 frames, class 5 - 50 591 frames, class 6 - 51 112 frames
(Figure 2.4). Since class 0 is heavily overrepresented, only 20% of its frames, i.e., 207 732
frames, were used for training the models (see Sections 2.4 and 2.5).
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Figure 2.4: Distribution of the frames in the PSKUS dataset by movement classes. The
dotted line indicates that only 20% of the frames from class 0 were used in the experiments.

2.3.2 METC dataset

As a key part of the study by Zemlanuhina et al. [175], another dataset of hand-washing
videos, the METC dataset, was acquired and labelled. The primary objective of that study
was to determine which type of real-time feedback most efficiently motivates medical staff
to follow the WHO guidelines for washing hands; while this objective is essential for the
development of an efficient hand-washing monitoring system, it lies beyond the scope of this
thesis, and I therefore report only the relevant parts of the research in Zemlanuhina et al.
[175] in the present section.

Data acquisition

The METC dataset was collected during a user feedback evaluation study [175] in July and
August 2021. The study was conducted at the Medical Education Technology Centre (METC;
hence the name of the dataset) of Riga Stradins University and involved 72 participants. All
participants were healthcare specialists: employees of Riga Stradins University, physicians,
and medical students; therefore, they were familiar with the requirements for maintaining
proper hand hygiene in a clinical setting. Each participant took part in one hand-washing
session, in the course of which they performed 3 hand-washing trials, receiving different types
of feedback on how they washed hands each time, namely:

• In the first trial, there was no guidance for participants on how to wash their hands,
i.e., they washed their hands using any sequence of hand washing movements they
considered appropriate for as long period of time as they considered sufficient.

• In the second trial, participants washed hands in a semi-guided mode, that is, they
were assisted by a custom-made smartphone application that provided real-time feed-
back indicating which hand-washing movements were recognised and displayed visual
information when a specific movement was performed for more than 7 seconds, i.e., for
a sufficient length of time. However, the application did not guide the participants or
informed them that the procedure should be performed for a certain period of time.

• In the third trial, participants washed hands in a guided mode, that is, the application
explicitly instructed them which movements and for how long a period of time to
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perform.

Before each hand-washing session, participants were familiarised with the functionality of
the application and the feedback (if any) it would provide in each of the trials. Afterwards,
participants treated hands with an UV-active gel covering the surface of the palm, the dorsum
of the hand, the regions between fingers, and fingertips; subsequently, images of the treated
hands placed under the UV lamp uncovering all contaminated regions of the hand were taken.
After each washing trial, new images with the hands after washing were taken under UV light
exposure. As a result, by comparing the images of hands before and after the washing trial,
it was possible to evaluate the quality of hand washing.

Videos of the hand-washing sessions were recorded for further use; notably, all experiments
took place in the same location, i.e., over the same sink. As the use of the CNN classifier
in the hand-washing monitoring system was still in the process of development at the time
when the study was conducted, hand-washing movement recognition was performed by a
human operator, an expert in hand hygiene, rather than the automated system. The human
operator monitored how participants washed their hands in real time; the monitoring was
done on a PC located in a nearby room and relied on a live video stream from the camera
of the monitoring setup. The video streaming was facilitated by a PC application based on
a Flask web server, which was also used to annotate the videos.

Overview and structure

The METC dataset consists of video files along with their annotations in JSON format.
Table 2.3 presents an overview of the dataset.

The folders and files in the dataset are structured as follows:

DataSets

\- Interface_number_1

\- Annotations

\- 2021-06-30_09-56-19-11labots.json

\- 2021-06-30_10-28-33-2-1+labots.json

\- ...

\- Videos

\- 2021-06-30_09-56-19-11labots.mp4

\- 2021-06-30_10-28-33-2-1+labots.mp4

\- ...

\- Interface_number_2

\- Annotations

\- ...

\- Videos

\- ...

summary.csv

statistics.csv

Each video file has an annotation, provided in a JSON file. Video files and their anno-
tations have matching names: thus, the video file name.mp4 has annotations in name.json.
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Additionally, there are several files providing overview information: the file summary.csv

contains a summary of the dataset, and the file statistics.csv contains the key metrics
for each hand-washing episode in the dataset.

Table 2.3: Overview of the METC dataset.

Property Value

Frame rate (FPS) ≈ 16
Resolution 640 × 480
Number of videos 212
Number of annotations 212
Total washing duration (seconds) 13 870
Movement 1–7 duration (seconds) 9 144
Episodes with ring present 0
Episodes with armband or watch present 0
Episodes with long nails present 0

Note that the frame rate of the videos was slightly variable, as they were reconstructed from sequences
of JPG images taken with the maximum frame rate supported by the capturing devices.

Labelling

The ground truth annotation of the videos was done in real time by a human operator,
an expert in hand hygiene. The annotation was carried out as follows: when the operator
recognised a hand-washing movement defined in the WHO guidelines, he would mark it
accordingly. In general, labelling was done in the same manner as for the PSKUS dataset. In
addition to that, the operator also simultaneously evaluated the quality of each recognised
movement: the operator marked the movement with OK if the movement was performed
correctly or with ! if there were any inaccuracies in performing the movement3.

It should be noted with respect to the quality of hand washing in the dataset that while the
participants in the study were knowledgeable medical staff and were instructed to complete
the task of washing hands to the best of their ability, imperfect execution of the protocol
was still present: some of the participants did not even complete all six basic hand-washing
movements, and none of the 72 participants performed movement 7 properly.

Data distribution

The data in the METC dataset have the following distribution by classes: class 0 - 64 980
frames, class 1 - 19 967 frames, class 2 - 22 651 frames, class 3 - 20 221 frames, class 4 - 17
576 frames, class 5 - 19 915 frames, class 6 - 24 682 frames (see Figure 2.5). Since class 0 is
overrepresented, only 50% of class 0 frames, i.e., 32 490 frames, were used for training the
models (see Sections 2.4 and 2.5).

3This type of labelling, i.e., OK vs. !, is not provided in the publicly available version of the METC
dataset, but its summary and analysis are provided in [175].
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Figure 2.5: Distribution of the frames in the METC dataset by movement classes. The dotted
line indicates that onlly 50% of the frames from class 0 were used in the experiments.

2.4 Initial experiments on PSKUS and METC datasets

To obtain initial classification results on the PSKUS and METC datasets, I conducted ex-
periments by training and evaluating MobileNetV2 [105] CNN models on them. I describe
the methodology and results of these experiments in the following.

To preprocess the PSKUS dataset for experiments, I first split the data into trainval and
test subsets. The data for the test subset were images from one particular location, the
emergency ward, and the rest of the data was used as the trainval subset. Such a split of
the data was done to make sure that the data for training and evaluating the model do not
come from the same location. Afterwards, during training the model, the trainval subset was
randomly split for training and validation with the ratio of 80/20. As the METC dataset
was acquired in a single location, preprocessing it for experiments was more straightforward:
first, I divided the dataset into trainval and test subsets with the ratio of 80/20 and then,
during the training of the models, the trainval subset was further randomly split for training
and validation with the ratio of 80/20.

The training was done on a PC with Intel Core i7-12700K CPU, NVIDIA RTX 3090
GPU, and Windows 11 OS using TensorFlow v.2.16.1 and Keras v3.0.5. I conducted two
experiments per each dataset. The architecture of the model was identical across all exper-
iments: the base MobileNetV2 model with the weights pretrained on the ImageNet dataset
was extended with a preceding data augmentation layer featuring random rotations by up to
20 degrees and horizontal flips, and three follow-up layers:

• GlobalAveragePooling2D layer;
• Dense (i.e., fully connected) layer with 128 neurons, ReLU activation, and dropout rate
of 0.5 to avoid overfitting;

• Dense layer with 7 neurons and softmax activation function.

In the first experiment, I froze the base MobileNetV2 model and only trained the layers added
on top of it for 30 epochs with the Adam optimiser (learning rate = 0.001), the categorical
crossentropy loss function, and early stopping enabled so that the model would stop training
if there was no validation loss improvement for 10 consecutive epochs. When the training was
finished, the best (in terms of accuracy on the validation subset) checkpoint was retrieved
and evaluated on the test data. The results of evaluating the model trained on the PSKUS
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dataset on the test subset of the same dataset were as follows: test accuracy = 55.65%,
precision = 24.06%, recall = 17.36%, and F1 score = 16.72%. See also the confusion matrix
in Figure 2.6.

Figure 2.6: Results of the initial experiment training MobileNetV2 (top layers only) on the
PSKUS dataset: confusion matrix showing the evaluation on the test subset.

Evaluation of the model trained on the METC dataset on the test subset yielded test
accuracy of 50.96%, precision of 53.83%, recall of 49.12%, and an F1 score of 49.74%. The
confusion matrix from this experiment is shown in Figure 2.7.
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Figure 2.7: Results of the initial experiment training MobileNetV2 (top layers only) on the
METC dataset: confusion matrix showing the evaluation on the test subset.

Some observations that follow from these results are as follows. First, it is obvious that
F1 score is a more suitable metric than accuracy for such an unbalanced (due to the pre-
dominance of class 0) dataset as PSKUS. Second, it appears that the capacity of the models
for generalisation on the unseen data is starkly different for the PSKUS vs METC dataset:
while the F1 score of the model trained on the former dataset was just slightly above random
guessing, the performance of the model trained on the latter dataset was substantially better.

In the second experiment, I trained MobileNetV2 models for 10 epochs with the same
hyperparameters as in the first experiment and then continued training for additional 30
epochs with all model layers unfrozen, i.e., being trainable. To avoid the instability of the
model after unfreezing, the learning rate was decreased from 0.001 to 0.0001. The results of
the experiment with such parameters on the PSKUS dataset were as follows: test accuracy =
56.71%, precision = 35.27%, recall = 16.73%, and F1 score = 15.52%. See also the confusion
matrix in Figure 2.8.
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Figure 2.8: Results of the initial experiment training MobileNetV2 (the model fully retrained)
on the PSKUS dataset: confusion matrix showing the evaluation on the test subset.

Similar experiment on the METC dataset yielded the following results: test accuracy =
63.75%, precision = 68.37%, recall = 62.56%, and F1 score = 63.89%. The confusion matrix
from this experiment is shown in Figure 2.9.

As it follows from the results of the second experiment, the MobileNetV2 model trained
on the METC dataset benefited from additional training with all the layers being unfrozen,
as its F1 score improved by more than 14% in comparison with the model trained with just
added layers being unfrozen. However, for the MobileNetV2 model trained on the PSKUS
dataset, the outcome of the same additional training was entirely different, as it led to a
decrease in the F1 score by ≈ 1%. Remarkably, it is not the case that the model in question
did not learn anything during the training, as its loss and accuracy improved consistently
during the training phase. However, the model seemed to be incapable of generalising the
learned knowledge when it came to classifying images coming from the new, previously un-
seen locations, i.e., the data in the test dataset. Another likely explanation for the worse
performance of the model trained on the PSKUS dataset is that the consistency of the la-
belling by multiple annotators was lower than that of a single annotator, as it was in the
case of the METC dataset. As a consequence, less consistent labelling made it more difficult
for the model to learn how to classify the images.
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Figure 2.9: Results of the initial experiment training MobileNetV2 (the model fully retrained)
on the METC dataset: confusion matrix showing the evaluation on the test subset.

2.5 Cross-dataset study of CNN performance

As reported in the previous section, I conducted a number of experiments by training CNNs
on the two real-world datasets, PSKUS and METC, which were of different sizes and levels of
complexity. The MobileNetV2 model trained on the PSKUS dataset demonstrated a perfor-
mance similar to that of a putative ‘naive’ classifier on the test data, whereas its counterpart
trained on the METC dataset demonstrated substantially better results. However, even the
performance of the latter model was still not as impressive as the results reported in the
literature (see Section 2.2). One possible explanation for such a discrepancy is that there
is a substantial gap between what a CNN classifier can achieve on datasets collected in a
lab conditions with ideal lightning, the same position of camera and the same sink being
used across all trials, and emphatically correct and uniform performance of hand-washing
movements on the one hand, and datasets collected in far-from-ideal real-world conditions
(PSKUS) or nearly real-world conditions (METC) on the other hand. To investigate whether
that was the case, we4 conducted a study [176], which I report in the present section; the goal
of the study was to investigate whether the same model architectures that, as reported in the
literature, perform well on smaller and simpler datasets would also perform well on larger and
more complex datasets. Since the CNN models reported in the literature on the classification

4In this section of the chapter, I mainly use ‘we’ rather than ‘I’, as the experiments reported here were
done collaboratively by my colleague Atis Elsts and me.
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of hand-washing movements are often extended with a multi-stream network architecture or
recurrent elements such as LSTM, we also utilised such extended architectures in our exper-
iments in addition to the single-frame classifiers that were used in the experiments reported
in the previous section. Furthermore, in this study, we continued using lightweight classifiers
such as MobileNets that can run on mid-range smartphones in inference mode without re-
quiring powerful hardware such as dedicated graphics accelerators, as we considered such an
approach to be more suitable for designing the real-world hand-washing monitoring systems
in the future.

2.5.1 Datasets and data preprocessing

(a) (b) (c)

Figure 2.10: Sample images featuring movement class 1 (rubbing palm to palm) from: (a)
the Kaggle hand-washing dataset; (b) the METC dataset; (c) the PSKUS dataset.

In our experiments, we used three datasets: the PSKUS dataset, the METC dataset, and
the publicly available part of the Kaggle hand-washing dataset. Sample images from each
datasets are shown in Figure 2.10; furthermore, the main statistics of each dataset are sum-
marised in Table 2.4.

Table 2.4: Main characteristics of the datasets used in the cross-dataset study.

Parameter Kaggle METC PSKUS

Washing episodes 25 213 3 185
Users ≤25 72 many
Locations ≤25 1 9
Environment Lab Lab Real-life

Resolution 720× 480 640× 480
640× 480,
320× 240

Frame rate (FPS) 30 ≈ 16 30

To further expand on the differences between the three datasets, the Kaggle dataset fea-
tures high-quality scripted hand-washing videos corresponding to each of the hand-washing
steps defined by the WHO [221]. That makes it markedly different from the METC dataset,
where some mistakes when executing hand-washing movement are still present despite pre-
liminary instructions given to the participant. The difference is even more conspicuous in
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the case of the PSKUS dataset featuring medical staff washing their hands as part of their
normal job duties, as the videos in it were filmed in the real-life conditions and therefore
include hand washing positions that are partially out of the frame or partially occluded as
well as low and variable lighting conditions. All in all, in the PSKUS dataset, imperfect and
incomplete execution of the washing steps is a rule rather than an exception.

To make it possible to compare the results across the datasets, the latter were preprocessed
accordingly. The original labelling in the Kaggle dataset distinguishes between washing
left hand and right hand; since there is no such distinction in the two other datasets, the
respective classes were merged so that left-hand and right-hand movements would belong to
the same class. Furthermore, as the wrist washing movement (step 7, according to the WHO
guidelines) is not labelled in the other two datasets, the respective class was merged with
class 0, which corresponds to the other movement. As the videos in the METC dataset were
annotated by a human operator in real time, there was some delay between the actions in
the videos and the operator’s response. To eliminate it, a 1-second long video segment was
removed every time the class label would change in the data stream. Finally, as for most
videos in the PSKUS dataset there were annotations available by multiple annotators, the
same approach as in the experiments reported in Section 2.4 was used: only those parts of
that dataset for which two or more annotators had assigned matching class labels were used
for training and evaluating CNN models.

2.5.2 Experiments: methodology and results

Model architectures

The baseline model (see Figure 2.11 (a)) used in the experiments was MobileNetV2 [105]
with the weights pretrained on ImageNet [19] and the following architecture:

• input layer;

• data augmentation layer featuring random rotations by up to 20 degrees and horizontal
flips;

• preprocessing layer;

• baseline MobileNetV2 model;

• Flatten layer;

• included only in the model with extra layers: GlobalAveragePooling2D layer and two
Dense layers, each with 128 neurons, ReLU activation function, and a dropout rate of
0.2 to avoid overfitting;

• Dense layer with 7 neurons and softmax activation function.

In addition to the baseline model, two more complex types of architectures were used
in the experiments. The first one was a two-stream network (Figure 2.11 (b)) consisting
of two MobileNetV2 models, one of which processed the RGB input, while the other one
processed the optical flow input. The goal of adding the latter type of input to the model
was to represent motion between the consecutive frames and thus improve the capacity of the
model to capture the temporal aspect of the input. Relevant studies (see e.g. [211]) suggest
that temporal information is required for accurate movement recognition, as it is arguably
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(a) (b) (c)

Figure 2.11: Architectures of the CNN models used in the cross-dataset study: (a) baseline
CNN; (b) two-stream CNN; (c) recurrent CNN.

not possible to differentiate between movement 1 and movement 3 using just a single image.
Overall, the architecture of the model was as follows:

• two parallel input layers;

• two parallel data augmentation layers;

• two parallel baseline MobileNetV2 models;

• Concatenate fusion layer;

• Flatten layer;

• included only in a model with extra layers: GlobalAveragePooling2D layer and two
Dense layers, each with 128 neurons, ReLU activation function, and a dropout rate of
0.2 to avoid overfitting;

• Dense layer with 7 neurons and softmax activation function.

The second complex type of architecture used in experiments was a recurrent CNN (Fig-
ure 2.11 (c)), with a time-distributed layer joining together five base MobileNetV2 models
and the Gated Recurrent Unit (GRU; [222]) used as the memory unit. Similarly to the two-
stream network described above, the goal of incorporating the GRU in the architecture was
to improve the capacity of the model to classify hand-washing movements by capturing the
temporal aspect of hand washing. The overall architecture of the model was as follows:

• five parallel input layers;

69



• five parallel data augmentation layers;

• five parallel baseline MobileNetV2 models;

• TimeDistributed fusion layer;

• GRU layer with 256 neurons;

• included only in a model with extra layers: two Dense layers, each with 128 neurons,
ReLU activation function, and a dropout rate of 0.2 to avoid overfitting;

• Dense layer with 7 neurons and softmax activation function.

The summary of the configuration, hyperparameters, and training procedure (details
follow) of the baseline, the two-stream, and the recurrent CNN models is given in Table 2.5.

Table 2.5: Configuration and hyperparameters of CNNs for the cross-dataset study.

Parameter Value

All networks / default values
Base model MobileNetV2
Initial weights ImageNet, 224× 224
Input image resolution 320× 240
Data augmentations Rotations, flips
N of fully connected layers 1

Layers retrained
1 (‘top’) or
all (‘full’)

Epochs 20
Batch size 32
Optimiser Adam
Learning rate default (0.001)
Loss function Cross-entropy
Classes 7

Two-stream networks
Streams RGB & optical flow
Fusion Before dense layers
Optical flow type Farneback
Optical flow step (seconds) 0.33

Recurrent networks
Recurrent element GRU
Frame step (seconds) 0.2
Frames 5

Baseline and Recurrent CNN with extra layers
Additional fully connected layers 2

Training procedure

Prior to training the models, the datasets were split into trainval and test subsets as follows:
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• the Kaggle dataset was split in a 70/30 ratio, making sure that frames from a particular
video appear in either trainval or test split, but not both;

• similarly, the METC dataset was split to maintain the same condition, but in a 75/25
ratio;

• the PSKUS dataset was split in the same way as in the study reported in Section
2.4, that is, the data for the test subset were images from one particular location, the
emergency ward, and the rest of the data were used as the trainval subset.

Furthermore, since the data from the three different datasets had different original reso-
lution, the images were rescaled to the same resolution of 320× 240 pixels using the built-in
TensorFlow [77] functions with bilinear interpolation as the resize method. Afterwards, the
models were trained for 20 epochs each with enabled early stopping if there was no decrease
in the validation loss for 10 epochs; class weighting was used to deal with the class imbalance
in the datasets. In addition to experiments with training and evaluating models on the same
dataset, we conducted additional experiments employing transfer learning to measure the
generalization performance across datasets both before and after 10 epochs of fine-tuning. In
these experiments, we investigated only knowledge transfer from less complex to more com-
plex datasets, i.e., from the Kaggle dataset to the METC dataset, from the Kaggle dataset
to the PSKUS dataset, and from the METC dataset to the PSKUS dataset.

Results

As two of the datasets used in this study, the METC dataset, and particularly the PSKUS
dataset, are imbalanced in class representation, I report the results as F1 scores rather than
accuracy. While I report the results of the evaluation of the models both on the validation
and test data, note that these findings are not equally important: the most important results
are those achieved on the latter dataset split, as they demonstrate the performance of the
model on unseen test data, whereas the results on the former dataset split are important
insofar as they allow us to understand whether the model learns anything at all, which is a
topical question in cases when the performance of the model on the test data is unsatisfactory.

The results of the main experiments are shown in Figure 2.12. While it was expected
that the best results on the test subsets of respective datasets would be achieved by the
more complex models, i.e., either the two-stream network, or the recurrent CNN, the best
F1 score on the Kaggle and METC datasets was achieved by the baseline model, which only
used a single frame as the input: it achieved 96% F1 score on the Kaggle dataset and 64% F1

score on the METC dataset. Another notable result is that full retraining usually improved
the accuracy of the single-frame models while decreasing it in the case of the more complex
classifiers: thus, it improved the performance of the baseline classifier from 93% to 96% on
the Kaggle dataset and from 45% to 64% on the METC dataset, whereas it resulted in a
deterioration in performance of the two-stream model and the recurrent model from 94% to
61% and from 90% to 36% respectively on the Kaggle dataset, and from 46% to 38% and
from 55% to 33% respectively on the METC dataset. A possible explanation for that is that
full retraining caused overfitting in more complex models.

Most concerningly, none of the approaches showed even average performance on the test
data on the most complex among the datasets, the PSKUS dataset. Namely, the best clas-
sifier, which was the two-stream model with only the top layers retrained, achieved the F1

score of only 21%; remarkably, the poor performance was not caused by a failure to learn, as
the F1 score on the validation data was above 95% in some of the experiments (fully retrained
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(c)

Figure 2.12: F1 scores of different CNN architectures evaluated in the cross-dataset study:
(a) on the Kaggle dataset; (b) on the METC dataset; (c) on the PSKUS dataset.

single-frame model and RNN); arguably, the problem lies in the poor generalisation ability
of the models to the more complex data.

The results of the experiments with the baseline and recurrent CNN classifiers5 with two
extra Dense layers (see Figure 2.13) showed the same pattern as the results in the main
experiments: the best-performing type of architecture was still the fully retrained single-frame
model, which performed very well (96% F1 score) on the Kaggle dataset and satisfactorily
(64% F1 score) on the METC dataset, but showed no improvement in comparison with the
same model without extra layers. While adding extra layers improved the performance of the
single-frame model on the PSKUS dataset both for the model with top only trained (+3%)
and for the fully retrained model (+5%), the F1 score of 25% achieved by the best among
them, the single-frame fully retrained model, was far from satisfactory.

Finally, with respect to the results of transfer learning experiments (Figure 2.14), it is
worth noting that one of the retrained models, the Kaggle–to–METC model, achieved the
best performance among all experimental groups on the METC dataset (65% F1 score), while
another such model, the Kaggle–to–PSKUS model, achieved the best performance among all
experiment groups on the PSKUS dataset (27% F1 score). However, aside from this, the
lessons from knowledge transfer attempts are not encouraging, as none of the classifiers
showed acceptable performance before being retrained on the new dataset, and the recurrent

5As the two-stream network did not show a major improvement on the two other approaches in any of
the experiments, we excluded this type of architecture from further experiments.

72



(a) (b)

(c)

Figure 2.13: F1 scores of the different CNN architectures with two extra Dense layers in the
cross-dataset study: (a) on the Kaggle dataset (b) on the METC dataset (c) on the PSKUS
dataset.

CNN initially trained on the Kaggle data completely failed to learn on the PSKUS dataset.
Furthermore, after retraining, the performance on the new dataset was all in all quite similar
to the performance when the classifier was trained straight from the MobileNetV2 base. This
suggests the classification knowledge learned by the models in the experiments reported in
this section was not transferable to new data contexts.

To summarise the results, lightweight CNN-based classifiers that performed well on the
Kaggle dataset (>95% F1 scores) demonstrated mediocre performance on the more complex
lab-based METC dataset (50–60% F1 scores), and failed to generalise on the real-life PSKUS
dataset. Adding temporal information typically reduced generalisation performance, likely
because the more complex models were more susceptible to overfitting, adding extra Dense
layers was helpful only in certain cases such as training the single-frame model on the PSKUS
dataset, and the effect of full retraining depended on the architecture of the model, gener-
ally improving performance of single-frame models and deteriorating performance of more
complex models. In summary, these results demonstrate that the dataset is in fact more im-
portant than the approach when evaluating hand washing movement classification accuracy,
and that translating the existing work on hand washing movement classification from the lab
to the real-life conditions is not straightforward at all.
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Figure 2.14: F1 scores of the different CNN architectures with transfer learning in the cross-
dataset study: (a) from the Kaggle dataset to the METC dataset (b) from the Kaggle dataset
to the PSKUS dataset (c) from the METC dataset to the PSKUS dataset.

2.6 Concluding remarks

In this chapter, I described the research on the use of CNNs for the classification of hand-
washing movements with the primary goal of creating an automated system for monitoring
hand hygiene in a clinical setting. This goal is particularly relevant for healthcare: as poor
hand hygiene in hospitals causes numerous infection cases and even deaths, an automated
monitoring system would be of substantial help for improving the hand hygiene habits of
the medical staff. While there have been several studies aiming at recognising hand-washing
movements according to the WHO guidelines, ML models in these studies were trained on
datasets collected in lab conditions. Since there had not been any publicly available large real-
world datasets of hand-washing videos with labelling corresponding to the WHO guidelines,
the research reported in this chapter started with collecting the data: first, the large real-
world PSKUS dataset, and then the METC dataset, which can be positioned between simpler
lab-collected datasets such as the Kaggle dataset and more complex real-world datasets.

Preliminary experiments on the PSKUS and METC datasets demonstrated that the
lightweight CNN classifier MobileNetV2 did not outperform a putative ‘naive’ classifier on
the former dataset; as to its performance on the latter dataset, it was substantially better,
but still much worse than that typically reported in the literature on the use of CNN-based
classifiers for hand-washing movement classification. The first conclusion from this is that the
impressive classification results that have recently been reported in the literature on hand-
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washing movement classification should be taken with a grain of salt, as the methods they
have been achieved with may not translate well to complex real-world applications. The sec-
ond conclusion is that the problem of the domain shift regarding the datasets for CNN should
be taken seriously, as the research reported in this chapter demonstrated that changing the
task from classification of the video stream from over one sink (the METC dataset case) to
the classification of the stream from over several sinks (the PSKUS dataset case) dramati-
cally degrades the performance of classifiers with the same architecture. Taking into account
that the best performance of the CNN-based classifiers on the target dataset, the PSKUS
dataset, is far from satisfactory, the third conclusion is that the problem of classification on
this real-world dataset has not been solved yet, and further work is needed.

Furthermore, it is worth noting that the PSKUS dataset has become publicly available
three years ago, in February 2021, and since then it has attracted some attention from
the research community working on the problem of hand-washing movement classification:
according to the statistics provided by the host website6, it has been viewed 2422 times and
downloaded 2410 times. In addition, according to Google Scholar metrics, the article in
MDPI Data journal describing the dataset was cited 12 times7, and the publication [176] on
the cross-dataset study was cited 6 times8. However, somewhat surprisingly, the use of the
PSKUS dataset in the publications citing it appears to be limited only to the Related Work
(or equivalent) section, that is to say, the authors of the publications merely acknowledge the
existence of the PSKUS dataset but never actually try to solve the classification problem on
it. Therefore, designing a classifier with a sufficiently high accuracy on the PSKUS dataset
remains a task for the future.

6https://zenodo.org/record/4537209; accessed 16 August 2024
7https://scholar.google.lv/scholar?oi=bibs&hl=en&cites=4959999994190408658; accessed 16

August 2024
8https://scholar.google.lv/scholar?oi=bibs&hl=en&cites=13054653446600211893; accessed 16

August 2024
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Chapter 3

Semantic Segmentation of Street
Views

In this chapter, I present research on the use of CNNs for semantic segmentation of street
views, which is a pivotal task for the design of self-driving cars. The primary focus of the
research I report here is on the promising approach of augmenting the dataset of real-world
images with synthetic data, which helps tackle the problem of the limited availability of
labelled data for training semantic segmentation models.

A large part of the insights and material in this chapter comes from the following publi-
cation in a scientific journal:

[223] M. Ivanovs, K. Ozols, A. Dobrajs, and R. Kadikis, “Improving semantic segmentation
of urban scenes for self-driving cars with synthetic images,” Sensors, vol. 22, no. 6:
2252, 2022.

As the first author of the above publication, I was responsible for planning and conducting
experiments for synthetic data generation as well as for training and validating CNN-based
semantic segmentation models. I also took the lead in analysing the experimental results,
documenting the findings, and drafting the manuscript. Finally, I played a principal role in
revising and finalising the manuscript in collaboration with my co-authors.

3.1 Introduction

There are numerous applications for methods used in the semantic segmentation of images
of urban areas, such as estimating building footprints [224], mapping urban green spaces
[225], and detecting water bodies [226] and slums [227]. For these purposes, aerial or satellite
images are typically used, as they provide a bird’s-eye view of cityscapes. However, when
it comes to the images of street views – by which I mean panoramic images taken from a
position close to the ground, i.e., from the vantage point of a driver or a pedestrian – there
appears to be a single major application for semantic segmentation methods, namely, for use
in the navigation system of self-driving cars. Therefore, to underscore the relevance of the
work reported in this chapter, I begin with a brief exploration of the topic of self-driving
cars.

Self-driving cars, which are also referred to as robotic cars [228], autonomous vehicles
[229, 230], and driverless vehicles [231], are currently one of the most promising emerging
technologies and a lively area of academic and industrial research. Research laboratories,
universities, and companies have been actively working on designing self-driving cars since
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the mid-1980s [232]; in the last decade, research on self-driving cars and development of their
prototypes with varied degrees of autonomy have gained momentum with an increasing focus
on technologies for data acquisition and processing [233]. However, the task of developing
self-driving cars with the highest level of autonomy – i.e., autonomous to such an extent that
no human intervention during driving is required in any circumstances [234] – still remains
an unsolved challenge.

Figure 3.1: Schematic overview of the autonomy system of a self-driving car, including Traffic
Signalization Detection (TSD) and Moving Objects Tracking (MOT). Reproduced from [232].

The architecture of the autonomy system in self-driving cars is typically divided into
two main modules (Figure 3.1): the perception system, and the decision-making system
[235, 232]. The perception system deals with image understanding tasks such as object
recognition, object localisation, and, which is particularly relevant to the topic of this chapter,
semantic segmentation [236]. Similar to other visual domains, the best results in semantic
segmentation of street views have been achieved using CNNs [237]. However, the issue of data
availability limits the feasibility of using CNNs for this purpose, as acquiring images in an
urban setting is both expensive and time-consuming; in addition to that, sharing the acquired
data publicly may encounter legal obstacles due to privacy concerns. Furthermore, pixel-wise
labelling of complex urban scenes takes a lot of time and effort: thus, it was reported that for
the creation of Cambridge-driving Labeled Video Database (CamVid; [238]), labelling took
around 1 hour per image, whereas in the case of the Cityscapes dataset [130], fine pixel-level
annotation and quality control of a single image required on average more than 1.5 hours.

As outlined in Section 1.4.4, one of the approaches to tackling the problem of data avail-
ability for training DNNs is to resort to the use of synthetic data, i.e., artificially gener-
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ated datasets that are to some extent similar to the real-world data. Using synthetic data
eliminates or at least decreases the need for real-world data acquisition as well as provides
additional advantages. A synthetic image generation pipeline can be modified to produce
more diverse data – e.g., by changing the weather conditions, or increasing the number of
particularly salient objects such as cars, pedestrians, traffic lights, and traffic signs. This
allows the production of diverse synthetic data on a large scale. Furthermore, such pipelines
usually eliminate the need for manual image annotation, as the contours of both the objects
and the background can be obtained automatically and with a high degree of precision.

The goal of the work reported in the present chapter was to improve the accuracy of
semantic segmentation of street views by augmenting a dataset of real-world images with
synthetic data. In particular, I investigated whether it is possible to improve the accuracy
of semantic segmentation by using synthetic data generated with an open-source driving
simulator CARLA [11], which can be done in a relatively simple, fast, and largely automated
manner. The main hypothesis of the study was that augmenting real-world data with
synthetic data would result in the improved accuracy of semantic segmentation of street
views.

The rest of the chapter is structured as follows. In Section 3.2, I give an overview of
related work, surveying datasets and methods for semantic segmentation of street views. In
Section 3.3, I describe three datasets of street views that I used for training CNN models in
the study. Section 3.5.2 presents the results of the experimental study and their discussion;
it is followed by Section 3.6, which offers concluding remarks.

3.2 Related work: datasets and methods for semantic

segmentation of street views

Since labelling semantic segmentation datasets is labour-intensive, only a limited number
of publicly available semantic segmentation datasets exist, and they tend to be compara-
tively small in size. The CamVid dataset [238] consists of 700 annotated images obtained
from a video sequence of 10 minutes; the pixel-wise labelled subset of the Daimler Urban
Segmentation Dataset [239] contains 500 images; the KITTI semantic instance segmentation
benchmark dataset [240] consists of 200 semantically annotated training and 200 test images;
finally, in the Cityscapes dataset [130], there are 5 000 fine-labelled and 20 000 coarse-labelled
images. Due to its comparatively large size and the high quality of the annotations and doc-
umentation, Cityscapes is the best-known and widely used dataset of semantically annotated
street views. In particular, according to the Cityscapes benchmark suite for pixel-level se-
mantic segmentation1, at the time of writing, there were 294 models listed in the benchmark
table, each submitted to the automated benchmarking server. However, it should be noted
that the code for many of these models is not publicly available, which makes reproducing
their results challenging. Among the models with publicly available code, those from the
DeepLab library [123] were particularly noteworthy when the study reported in the present
chapter was conducted, as they were made publicly available via a well-documented and
popular DeepLab repository2 and demonstrated high accuracy. Specifically, according to the
benchmarks published by the authors of the repository, the Xception-65 model achieved a

1https://www.cityscapes-dataset.com/benchmarks/#instance-level-results; accessed 6 Septem-
ber 2023

2https://github.com/tensorflow/models/tree/master/research/deeplab; accessed 6 September
2023
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78.79% mIOU on the test subset after training on Cityscapes fine-labelled images3.
While the results achieved on the Cityscapes dataset with the state-of-the-art methods

for semantic segmentation are rather impressive, there is still room for further improvement.
One possible approach is to increase the amount of training data; however, this is difficult
due to the scarcity of semantically labelled data for self-driving cars caused by ‘the curse of
dataset annotation’ [241]. This is the major problem for training CNN models for semantic
segmentation in general, which extends beyond the particular task of improving the accuracy
of segmentation on the Cityscapes dataset and can potentially impede the development of
self-driving cars with a high degree of autonomy.

In response to this problem, a number of studies have used synthetic data for augmenting
segmentation datasets for self-driving cars. Ros et al. [242] used synthetic images from their
Synthetic collection of Imagery and Annotations (SYNTHIA), which represents a virtual
New York City modelled by the authors with the Unity platform, to augment real-world
datasets and improve semantic segmentation; Richter et al. [243] extracted synthetic images
and data for generating semantic segmentation masks from the video game Grand Theft Auto
(GTA) V and used the acquired synthetic dataset for improving the accuracy of semantic
segmentation; Hahner et al. [244] created a custom dataset of synthetic images of foggy street
scenes to enhance semantic scene understanding under foggy road conditions. However, there
are still several challenges in the use of synthetic data for self-driving cars. First, even high-
quality synthetic images are not entirely photorealistic and therefore are less valuable for
training than real-world images; therefore, it is often more reasonable to augment a real-
world dataset with synthetic data rather than train CNN models solely on synthetic data [9].
Second, generating synthetic data can require quite a lot of effort – at least at the stage of
initial design. Developing a pipeline for the generation of synthetic images can be challenging
in terms of time and effort involved; another approach, acquiring synthetic images from video
games, may also prove difficult, since the internal workings and assets of games are often hard
to access [243].

A promising alternative path for the generation of synthetic images is to utilise open-
source sandbox driving simulators such as the Open Racing Car Simulator (TORCS) [245]
or Car Learning to Act (CARLA) [11]. While such simulators are said to lack the extensive
content found in top-level video games [243], their open-source nature makes it easier to
access and modify them as well as imposes fewer (if any) legal constraints on the use of the
eventually generated data. Recently, Berlincioni et al. [246] made use of the data generated
with a driving simulator: the authors created their Media Integration and Communication
Center – Semantic Road Inpainting (MICC-SRI) dataset with CARLA to tackle the problem
of image inpainting [247, 248], i.e., predicting missing or damaged parts of an image by
inferring them from the context. However, it remains an open question whether the quality
of synthetic images generated with open-source driving simulators is sufficient for improving
the accuracy of CNNs on semantic segmentation, as this task demands particularly high-
quality training data.

3https://github.com/tensorflow/models/blob/master/research/deeplab/g3doc/model_zoo.md;
accessed 6 September 2023
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3.3 Street views datasets for semantic segmentation:

Cityscapes, MICC-SRI, and CCM

To investigate the use of synthetic data generated with open-source driving simulators to
augment real-world street view datasets, I used three datasets: the Cityscapes dataset [130]
of real-world images, the MICC-SRI dataset [246], composed of synthetic images generated
with the CARLA simulator, and the CCM (Cityscapes-CARLA Mixed) dataset, which I
created for the study reported in this chapter. These three datasets are described in detail
below; sample images from each dataset and their corresponding pixel segmentation masks
are shown in Figure 3.2.

Cityscapes [130] is one of the most well-known datasets of urban landscapes for self-
driving cars. It comprises a diverse set of images at a resolution of 1024× 2048 pixels taken
on the streets of 50 different European (predominantly German, with some Swiss) cities using
cameras mounted on a specially equipped car. Coarse semantic segmentation annotations are
available for 20 000 images, while fine (pixel-level) annotations are provided for 5 000 images.
In the present study, I used only the Cityscapes images with fine annotations. Furthermore,
I had to change the division of the original dataset into training, validation, and test subsets,
as due to the need to relabel the segmentation masks (see Section 3.4) to ensure compatibility
between the Cityscapes images and the synthetic images generated with CARLA, it was not
possible to benchmark the models used in this study on the original Cityscapes test set,
which is withheld from public access to ensure impartial benchmarking. I created a custom
split of the Cityscapes dataset as follows: out of the 3 475 Cityscapes fine-annotated images
available in public access, I used 2 685 for training, 290 for validation, and 500 for testing
CNN models. I adhered to the original Cityscapes policy that images from a particular
location should only appear in one split, i.e. in training, or validation, or test set, but not in
multiple splits. This approach ensures the strict separation between the data in each subset,
which was necessary to prevent a flawed methodology of testing a CNN model on data that is
too similar to the data it was trained on. Specifically, after randomly selecting the locations,
I used images taken in Frankfurt, Lindau, and Münster for the test dataset, images taken
in Bochum, Krefeld, and Ulm for the validation dataset, and the rest of the images for the
purpose of training the models.

The MICC-SRI dataset [246] consists of 11 913 synthetic RGB frames of urban driving
footage with the resolution of 600 × 800 pixels generated with the CARLA simulator [11];
for all RGB frames, semantic segmentation annotations are provided. The dataset was orig-
inally created for semantic road inpainting tasks, and the images are not photorealistic (cf.
Figure 3.2, b). As Berlincioni et al. [246] report, the frames for MICC-SRI dataset were
collected by running separate simulations for 1 000 frames from each spawning point on the
two available maps in CARLA version 0.8.2, the most recent version at the time of their
study. The simulations were run at 3 FPS; to ensure diversity of the generated data, the
simulations were subsampled to take an image every 3 seconds. Further processing reported
by the authors included removing occasional misalignment between the RGB frames and
segmentation masks. RGB frames and corresponding semantic segmentation annotations in
the MICC-SRI dataset are available in two versions, the one with the static objects only,
and the one with both static and dynamic (cars and pedestrians) objects. For the study
reported here, I used only the RGB images and segmentation masks containing both static
and dynamic objects.

My custom-made CCM dataset consists of 2 685 Cityscapes images as well as 46 935
synthetic images that I generated with CARLA simulator. The resolution of synthetic images
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(a)

(b)

(c)

Figure 3.2: Sample images and their segmentation masks from: (a) the Cityscapes dataset;
(b) the MICC-SRI dataset; (c) the CCM dataset. Note that (a) and (c) are not to scale with
respect to (b), as the actual resolution of (a) and (c) is 1024×2048 pixels vs 600×800 pixels
for (b).
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is 1024×2048 pixels, matching the resolution of the Cityscapes images. The synthetic images
were collected by running simulations on several maps available in the latest stable release of
CARLA (v0.9.12), namely, Town 1, Town 2, Town 3, Town 4, and Town 10. The simulations
were run at 1 FPS, with an RGB image and its corresponding segmentation mask saved every
second. To increase diversity, the simulation in Town 1 was run with the weather conditions
set to Clear Noon, whereas simulation in Town 10 was run with the weather conditions set
to Cloudy Noon; on the rest of the maps, the simulations were run with default settings.
To acquire images with a large number of dynamic objects, the simulations were run with
100 spawned vehicles and 200 spawned pedestrians. The number of images acquired in each
location is given in Table 3.1. The simulations took approximately 96 hours to complete on
a desktop PC with Windows 10 OS, an Intel i5-6400 CPU, and an NVIDIA 1060 GPU.

Table 3.1: The number of CARLA-generated images for the CCM dataset by location.

Location Images

Town 1 7 866
Town 2 3 838
Town 3 11 124
Town 4 11 484
Town 10 13 049

3.4 Data preprocessing

Data preprocessing consisted of relabelling semantic segmentation masks, resizing images,
and augmenting real-world Cityscapes data with synthetic data.

Relabelling semantic segmentation ensured compatibility between the annotation labels
of the Cityscapes images and the CARLA-generated images in both the MICC-SRI and CCM
datasets. Different label mappings were required for the two datasets, because the MICC-
SRI dataset was generated with CARLA v0.8.2, which had fewer labels than the more recent
CARLA v0.9.12 used for the CCM dataset. The label mapping between Cityscapes and
MICC-SRI was the same as in the experiments by Berlincioni et al. [246]; since it was not
detailed in the original publication, I obtained the mapping through personal communication
with Lorenzo Berlincioni, and it is provided in Table 3.2.
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Table 3.2: Label mapping for experiments with the MICC-SRI dataset.

Cityscapes labels MICC-SRI labels Resulting labels for
augmented dataset

unlabeled, ego vehicle,

rectification border, out of

ROI, static, dynamic, rail

track, sky, license plate

none, other other

road road lines, roads roads

ground, sidewalk, parking sidewalk sidewalk

building buildings buildings

wall, fence, guard rail,

bridge, tunnel

fences, walls fences, walls

pole, polegroup, traffic

light, traffic sign

poles, traffic

signs

poles, traffic

signs

vegetation, terrain vegetation vegetation

person, rider pedestrian human

car, truck, bus, caravan,

trailer, train, motorcycle,

bicycle

vehicles vehicles

Furthermore, I provide the mapping between the Cityscapes labels and CARLA v0.9.12
labels, which I designed for the creation of the CCM dataset, in Table 3.3.

Image resizing was necessary for experiments on the Cityscapes and MICC-SRI datasets,
as the images in these datasets were of different sizes (1024 × 2048 pixels vs 600 × 800
pixels, respectively), whereas the input to a CNN typically needs to be uniform in size. One
possible solution was to upscale MICC-SRI images; however, since they have different height-
to-width ratios than Cityscapes images, 0.75:1 vs 0.5:1, upscaling would lead to significant
distortion and likely reduce the accuracy of semantic segmentation. Therefore, I took a
different approach, splitting each Cityscapes image into 9 smaller images, each sized 600×800
pixel, thus matching the size of the images in the MICC-SRI dataset. No resizing was
necessary for the experiments involving the CCM and Cityscapes datasets, as the synthetic
images for the CCM dataset were generated with the same size as the real-world images in
the Cityscapes dataset.

Finally, to investigate how the amount of synthetic data used for augmentation affects the
accuracy of semantic segmentation, I created three splits of the CCM dataset, each including
all the Cityscapes real-world images designated for training, along with 100%, 50%, and 25%
of the synthetic images that I generated with the CARLA simulator. The synthetic images
for these splits were selected randomly; to avoid unnecessary repetition, I will refer to these
splits as CCM-100, CCM-50, and CCM-25, respectively.
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Table 3.3: Label mapping for experiments with the CCM dataset.

Cityscapes labels CARLA (v0.9.12)
labels

Resulting CCM
dataset labels

unlabelled, ego vehicle,

rectification border

unlabelled unlabelled

building building building

fence fence fence

tunnel, pole group other other

pedestrian, rider pedestrian, bike

rider

pedestrian & rider

pole pole pole

road road, roadline road

sidewalk, parking sidewalk sidewalk & parking

vegetation vegetation vegetation

car, truck, bus, caravan,

trailer, train, motorcycle,

bicycle

vehicles vehicles

wall wall wall

traffic sign traffic sign traffic sign

sky sky sky

ground ground ground

bridge bridge bridge

rail track rail track rail track

guardrail guardrail guardrail

traffic light traffic light traffic light

static static static

dynamic dynamic dynamic

terrain water, terrain water & terrain

3.5 Experiments: methodology and results

3.5.1 Methodology

I conducted semantic segmentation experiments using two CNN models from the DeepLabv3
library [118]: MobileNetV2 [105] and Xception-65 [117], which both were pretrained on the
PASCAL VOC 2012 dataset [57]. As mentioned in Section 3.2, DeepLab is a well-known
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state-of-the-art library for semantic segmentation; I chose these two particular models from
it because MobileNetV2 is a compact and fast CNN, while Xception-65 is a larger CNN
that offers better segmentation accuracy at the cost of longer training times and greater
GPU memory requirements. The models were trained on Dell EMC PowerEdge C4140
high-performance computing (HPC) servers of the Riga Technical University HPC Center4

equipped with Intel Xeon Gold 6130 CPUs and NVIDIA V100 GPUs with 16 GB VRAM.
The models were trained using default settings: for MobileNetV2, the output stride was set
to 8, and the training crop size was 769×769 pixels; for Xception-65 models, the atrous rates
were set to 6, 12, and 18, the output stride was 16, the decoder output stride 4, and the
training crop size was 769× 769 pixels. The learning rate was set to 0.0001, and the training
was optimised using the SGD optimiser with a momentum value of 0.9.

I used only real-world images for validating and testing the models, i.e., in all exper-
iments, in all experiments, the Cityscapes validation set was used for validation, and the
Cityscapes test set for testing. The batch size for training was the maximum possible given
the GPU memory that was at my disposal: 4 images for MobileNetV2 models, and 2 im-
ages for Xception-65 models. For experiments on the MICC-SRI and Cityscapes datasets,
the MobileNetV2 models were trained for 1200 epochs on each dataset, and the Xception-
65 models were trained for 300 epochs on each dataset. For experiments on the CCM and
Cityscapes datasets, MobileNetV2 and Xception-65 models were trained for 200 epochs on
the Cityscapes dataset and on the CCM-100, CCM-50, and CCM-25 dataset splits. In total,
training the four models on the MICC-SRI and Cityscapes datasets took ≈ 1480 hours of
computing, while training the eight models on the Cityscapes dataset and CCM splits took
≈ 1415 hours of computing.

3.5.2 Results

I report the main results using the standard metrics for semantic segmentation: IoU and
mIoU. Similar to other authors, e.g. Cordts et al. [130], I report and include in the calcula-
tions only semantically meaningful classes, excluding classes such as Other or None. Since I
had to modify the labelling scheme from the one originally used in the Cityscapes dataset,
I was unable to directly compare the performance of the CNN models trained on the aug-
mented datasets with state-of-the-art results on the original Cityscapes dataset reported in
the literature, e.g., in Chen et al. [123]. Therefore, I compare the accuracy of the models
trained on the augmented datasets with CNN models of the same architecture that I trained
on the Cityscapes dataset using the accordingly modified labelling scheme.

Results on Cityscapes and MICC-SRI datasets

I summarise the main results of training MobileNetv2 and Xception-65 DNN models on the
Cityscapes and MICC-SRI datasets in Tables 3.4 and 3.5. As can be seen, augmentation
of Cityscapes dataset with MICC-SRI images did not improve the accuracy of semantic
segmentation; on the contrary, both MobileNetV2 and Xception-65 models performed slightly
better when trained only on real-world images than on the dataset augmented with synthetic
images, with an mIoU of 75.43% vs 75.11% for the MobileNetV2 model and an mIoU of
79.34% vs 78.81% for the Xception-65 model. The MobileNetV2 model trained only on the
real-world images performed better than its counterpart trained on the augmented dataset
across all segmentation classes, whereas in the case of the Xception-65 models, the only
class on which the model trained on the augmented data achieved a better result than its

4https://hpc.rtu.lv/; accessed 20 September 2024.
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Table 3.4: Comparison of the accuracy (IoU) of semantic segmentation: MobileNetV2 trained
on the Cityscapes dataset vs. MobileNetV2 trained on the Cityscapes dataset augmented
with the MICC-SRI dataset.

Class Cityscapes Cityscapes augmented with MICC-SRI

Road 92.66 92.62
Sidewalk 67.02 66.61
Building 86.48 86.18
Fences and Walls 44.46 43.21
Poles and traffic signs 57.07 56.72
Vegetation 89.52 89.45
Pedestrians 76.59 76.54
Vehicles 89.65 89.55

Mean IoU 75.43 75.11

Table 3.5: Comparison of the accuracy (IoU) of semantic segmentation: Xception-65 trained
on the Cityscapes dataset vs. Xception-65 trained on the Cityscapes dataset augmented with
the MICC-SRI dataset.

Class Cityscapes Cityscapes augmented with MICC-SRI

Road 93.69 93.60
Sidewalk 71.78 72.70
Building 88.67 88.30
Fences and Walls 52.20 49.16
Poles and traffic signs 63.58 62.52
Vegetation 90.75 90.58
Pedestrians 81.75 81.39
Vehicles 92.29 92.24

Mean IoU 79.34 78.81

counterpart trained on the real-world images alone was Sidewalk. The likely explanation for
the worse performance of the models trained on the augmented dataset is the low photorealism
of images in the MICC-SRI dataset: while the quality of these synthetic images was sufficient
for the semantic road inpainting task, it proved inadequate for the more challenging task of
semantic segmentation. It is also worth noting that the Xception-65 models trained on
the Cityscapes and MICC-SRI datasets demonstrate better performance than MobileNetV2
models trained on the same datasets. This performance difference is likely due to the larger
size (i.e., a greater number of parameters) and the resulting better learning capacity of the
Xception-65 architecture.

Results on Cityscapes and CCM datasets

The results of training MobileNetV2 and Xception-65 models on the Cityscapes dataset and
the three splits of the CCM dataset – CCM-100, CCM-50, and CCM-25 – are reported in
Tables 3.6 and 3.7, respectively. As can be seen, for both CNN architectures, augmentation
with synthetic data improved semantic segmentation accuracy. For MobileNetV2, the model
trained on CCM-100 achieved an mIoU of 55.49%, the model trained on CCM-50 achieved an
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Table 3.6: Comparison of the accuracy (IoU) of semantic segmentation: MobileNetV2 trained
on the Cityscapes, CCM-100, CCM-50, and CCM-25 datasets.

Class Cityscapes CCM-100 CCM-50 CCM-25

Building 75.54 79.39 80.17 79.18
Fence 00.02 21.49 24.47 17.82
Pedestrian &

Rider

69.23 67.94 68.92 69.38

Pole 10.48 38.51 38.54 36.81
Road 88.57 88.46 89.72 89.15
Sidewalk 54.51 57.24 59.79 58.62
Vegetation 83.90 86.14 86.41 85.54
Vehicles 82.20 82.72 82.72 82.78
Wall 0.00 19.90 23.81 15.95
Traffic Sign 0.00 35.42 34.10 25.30
Sky 82.80 85.32 85.83 85.85
Traffic

light

0.00 21.32 15.38 00.13

Water &

Terrain

33.61 37.50 38.73 38.20

Mean IoU 44.68 55.49 56.05 52.67

mIoU of 56.05%, and the model trained on CCM-25 achieved an mIoU of 52.67%, whereas the
model trained solely on Cityscapes images achieved an mIoU of 44.68%. The same trend was
observed in the experiments with the Xception-65 models: the model trained on CCM-100
achieved an mIoU of 63.14%, the model trained on CCM-50 achieved an mIoU of 63.87%,
and the model trained on CCM-25 achieved an mIoU of 64.46%, whereas the model trained
on Cityscapes images only achieved an mIoU of 57.25%. Interestingly, the best-performing
MobileNetV2 and Xception-65 models were not those trained on the CCM splits with the
largest amounts of synthetic data: the best-performing MobileNetV2 model was trained on
CCM-50, while the best-performing Xception-65 model was trained on CCM-25, the split
with the smallest amount of synthetic data. This suggests that using larger amounts of
synthetic data for augmentation does not necessarily result lead to better performance than
augmentation with smaller amounts of such data.

Another notable finding is that models trained on different splits of the CCM dataset
showed the best results (i.e., in comparison to other models) on different classes: thus, among
the MobileNetV2 models, the one trained on CCM-100 showed better accuracy than other
models on the classes Traffic Sign and Traffic Lights; the model trained on CCM-50
outperformed others on the classes Building, Fence, Pole, Road, Sidewalk, Vegetation,
Wall, and Water and Terrain; and the model trained on CCM-25 performed best on the
classes Pedestrian & Rider, Vehicles, and Sky. These differences are exemplified in Fig-
ure 3.3: as shown, the MobileNetV2 model trained solely on the real-world Cityscapes images
could not segment road signs and traffic lights; as for the Xception-65 model trained solely
on the real-world Cityscapes images, while it was able segment road signs, it could not dis-
tinguish between traffic lights and road signs, mistakenly classifying the former as the latter.
In contrast, the MobileNetV2 and Xception-65 models trained on the CCM-50 and CCM-25
splits, respectively, i.e., the best-performing models for these architectures, were capable of
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Table 3.7: Comparison of the accuracy (IoU) of semantic segmentation: Xception-65 trained
on the Cityscapes, CCM-100, CCM-50, and CCM-25 datasets.

Class Cityscapes CCM-100 CCM-50 CCM-25

Building 84.94 85.10 85.08 85.62
Fence 37.20 40.19 40.19 43.44
Pedestrian &

Rider

78.08 76.42 76.94 77.92

Pole 45.08 48.50 48.75 49.26
Road 92.31 91.82 91.43 91.85
Sidewalk 65.80 67.21 67.09 69.88
Vegetation 87.71 87.00 87.59 87.85
Vehicles 89.86 88.82 89.63 89.63
Wall 23.29 28.88 27.69 31.63
Traffic Sign 44.42 50.89 55.83 56.14
Sky 85.13 88.79 89.70 90.34
Traffic

Light

0.00 43.64 42.19 44.13

Water &

Terrain

46.86 39.58 35.62 44.22

Mean IoU 57.25 63.14 63.87 64.46

segmenting road signs and traffic lights and distinguishing between them. These observa-
tions are consistent with the results in Table 3.6 and Table 3.7 regarding the capacity of
these models to segment objects from the Traffic Lights and Road Signs classes.
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(a)

(b)

(c)

Figure 3.3: Semantic segmentation of a sample image with different models: (a) the original
image; (b) segmentation masks produced with MobileNetV2 models: trained on Cityscapes
images only (left) and on the CCM-50 split (right); (c) segmentation masks produced with
Xception-65 models: trained on Cityscapes images only (left) and on the CCM-25 split
(right). Note the differences in the ability of the models to accurately segment traffic lights
and road signs.
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3.6 Concluding remarks

Semantic segmentation models are an essential part of the perception module of a self-driving
car: albeit they tend to have higher latency than object detectors due to their higher compu-
tational complexity, they provide finer-grained information about the shapes of surrounding
objects, allowing the decision-making system of the car to better sense the environment. One
of the main challenges in developing such semantic segmentation models is the availability
of data for training them: in addition to the need to acquire data, which is a notorious
problem in deep learning in general, data for supervised training of semantic segmentation
models need to be meticulously labelled, which consumes many human-hours. To tackle this
problem, I trained the MobileNetV2 and Xception-65 semantic segmentation models from
the DeepLabv3 library on a mix of real-world data and data generated with CARLA, an
open-source simulator for autonomous driving. I conducted two series of experiments. In the
first series, I trained the models on the Cityscapes dataset augmented with low-photorealism
images from the MICC-SRI dataset, generated using an older version of CARLA. In the
second series, I trained them on the Cityscapes dataset augmented with more photorealistic
synthetic images generated using a more recent version of CARLA. The main hypothesis of
the study, namely, that augmenting real-world data with synthetic data would result in the
improved accuracy of semantic segmentation of street views, was not confirmed in the first
series of experiments but was confirmed in the second series of experiments. As the main
difference between the data for augmentation in these series of experiments was the degree of
photorealism, I conclude that the crucial factor in these experiments that determined whether
synthetic data decreases or improves the performance of the CNN-based segmentation models
was how similar these images were to the real-world images in the target dataset, Cityscapes.

This study also demonstrated that setting up a pipeline for generating synthetic data
does not have to be costly or difficult, as CARLA allowed for generating a large amount of
synthetic data quickly and without much meddling with out-of-the-box installation of that
open-access simulator. However, there was also a downside to the use of the ready-made
solution for generating data: due to the disparities in the labelling systems of Cityscapes
and CARLA, it was necessary to merge some class labels to create the CCM dataset, and
because of that, it was not possible to submit the models trained on CCM for evaluating on
the official Cityscapes semantic segmentation benchmarks. While that did not prevent me
from comparing the accuracy of the models trained on non-augmented vs augmented datasets,
as I resorted to setting aside a part of the available data for testing the models, it was an
unfortunate obstacle for comparing these models with their counterparts developed by other
researchers. Although it was not possible to overcome that obstacle at the time when the
study was conducted, the more recent releases of CARLA5 do not pose this problem anymore,
as the labels in this simulator are now fully compatible with the labels of Cityscapes. As the
versions of CARLA released since then also feature numerous improvements of assets such
as new town maps and vehicles, the use of CARLA-generated data for improving semantic
segmentation on Cityscapes has become even more relevant and remains a promising direction
for future work.

Another research problem worth investigating further is determining the optimal amount
of synthetic data for augmenting a real-world dataset to achieve the best semantic segmen-
tation accuracy. One possible answer to this question is ubiquitous in experimental science,
which deep learning indeed is: ‘it depends’. Indeed, since the optimal amount of the synthetic
data depends on many factors – for instance, whether its distribution covers well the classes

5Cf. e.g. release notes for v0.09.14 - https://carla.org/2022/12/23/release-0.9.14/; accessed 10
April 2024.
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underrepresented in the real-world dataset, or whether synthetic data represent both fore-
ground classes (i.e., objects) and background classes, or just background classes (cf. [249])
– it is possible that a trial-and-error approach will always be necessary. On the other hand,
post hoc explanations of what ratio of synthetic data was the best are suboptimal both from
the intellectual standpoint and because of practical considerations, as training multiple model
instances on different ratios of the augmented data is time-consuming and computationally
expensive. Therefore, discovering general trends – such as the already mentioned observa-
tion that more photorealistic data typically yield better results – appears to be a promising
direction for future research. While it seems unlikely that a robust, definitive solution to the
problem of how much synthetic data to use for augmentation will emerge, I hypothesise that
a promising approach is to modify the training of the model so as to take into account the
domain gap between the real-world and synthetic data. In a way, that was already done in
the study I detailed in this chapter, as I used only real-world data for validating the model
during the training in order to ensure that the model performs robustly on the data in the
target domain. More complex approaches worth investigating further may involve additional
modifications to the training procedure of semantic segmentation models.
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Chapter 4

Object Detection for a Bin-Picking
Task

In this chapter, I present a study on the use of CNN-based models for detecting graspable
items in a pile of objects. Detected coordinates of such items can then be utilised by an
industrial robot to pick these objects up, a task commonly referred to as bin-picking [250] in
robotics.

As visual object detectors are often an essential component of the perceptual system of
industrial robots, the work reported in this chapter is relevant to the design and development
of efficient robotic systems for manufacturing, sorting, and packing goods. Furthermore, as
the same approach was used to obtain the data for training object detectors as the approach to
obtain the data for training semantic segmentation models described in the previous chapter,
that is, synthetic data were used for that purpose, the research that I report here is relevant
to the broader challenge of overcoming the problem of the limited availability of data for
training CNN models.

The present chapter is based on the following conference paper:

[251] D. Duplevska, M. Ivanovs, J. Arents, and R. Kadikis, “Sim2Real image translation
to improve a synthetic dataset for a bin picking task,” in 2022 IEEE 27th Interna-
tional Conference on Emerging Technologies and Factory Automation (ETFA), pp.
1–7, IEEE, 2022.

As a co-author of the above study, I was primarily responsible for training and validating
CNN-based object detectors as well as contributed substantially to writing and editing of
the manuscript. The experiments aimed at enhancing the quality of the synthetic data using
Generative Adversarial Networks (GANs; [12]) were led by my collaborator Diana Duplevska.

4.1 Introduction

Adoption of robotic systems in manufacturing and other industrial operations has been grow-
ing steadily for decades now [252, 253], as they help to increase productivity, provide con-
sistent output, ensure quality control, save costs, and improve safety in industrial settings.
An essential component of such a system is a perception module (Figure 4.1), which supplies
it with information about the environment, enabling its efficient functioning. The percep-
tion module typically handles image understanding tasks such as object localisation, image
segmentation, and, particularly relevant for the topic of this chapter, object detection.

Recent advancements in object detection tasks for robotics, as detailed in a survey by
Bai et al. [255], have been driven by the adoption of well-established and widely recognized
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Figure 4.1: Overview of the architecture of a robotic arm . Adapted from [254].

CNN-based visual object detectors, such as Faster R-CNN [133], SSD [143], and YOLO [47].
However, for the successful design and deployment of a perception module based on a deep
neural network, a large amount of training data is needed. Due to the specialised nature
of tasks for industrial robots, acquiring such large training datasets poses a challenge, since
images for these tasks are often not readily available in the public domain. Furthermore,
after the initial training of a CNN model, the need for additional training data can recur: in
particular, this can happen when changes in the environment of the deployed system cause
a domain shift, making the original training data inadequate for representing the task the
robot needs to perform.

A promising solution to the problem of the availability of data for designing perceptual sys-
tems in robotics is the use of simulations and synthetic data [253]. Leveraging synthetic data
offers several advantages, including accelerating the design cycle, generating large amounts
of data at low cost, and providing safe, fully controlled testing environments [256]. However,
a number of unresolved challenges may affect robotic systems trained on synthetic data when
they are deployed in real-life settings: in particular, their efficiency tends to decrease due to
the differences between a simulation or synthetic data on the one hand and the real world
on the other hand.

The problem of the gap between synthetic and real-world data is particularly relevant
for the visual domain. On the one hand, the photorealism of rendered images, videos, and
computer games has been improving steadily, and the tools for creating virtual environments
with integrated physics simulation are becoming more user-friendly and accessible: for ex-
ample, since such tools as Blender1, Unity2, and Unreal Engine3 are available free of charge,
researchers working on AI, computer vision, and robotics use them more frequently to gener-
ate data for training models or train systems directly in virtual environments. On the other
hand, a decrease in precision is often observed in models trained exclusively on synthetic
data compared to those trained on real data [257]. In robotic systems, this concern is closely
related to the issue that is commonly referred to as ‘the reality gap’ [258]: even though
good performance can be achieved in simulations, trained models may perform unreliably
when transferred to a real environment. Therefore, developing methods for a more robust

1https://www.blender.org; accessed 19 September 2024.
2https://unity.com; accessed 19 September 2024.
3https://www.unrealengine.com; accessed 19 September 2024.
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sim-to-real translation is a pivotal research topic in robotics.
The research reported in the present chapter is concerned with improving the accuracy

of detecting plastic bottles with high visibility (i.e., those on the top of the pile of bottles)
so that a robotic arm would be able to grasp them more efficiently. This specific task
was set forth in the EDI part of the project Intelligent Motion Control under Industry 4.E
– IMOCO4.E ; from the practical perspective, it was envisaged as a contribution to the
design of a robotic arm operating on a real-world production line, whereas from the scientific
perspective, this work continued the exploration of the use synthetic data in robotics at EDI
(see e.g. [259, 260, 261]). To detect graspable bottles, I used YOLOv5 [153], one of the most
popular CNN-based object detectors; due to the already mentioned challenges with acquiring
real-world data for training DNNs for robotics, I used synthetic data for that purpose. The
main goal of the study reported in this chapter was to improve the accuracy of detecting
plastic bottles with YOLOv5 object detector by enhancing the degree of photorealism of
synthetic images. In particular, to make synthetic images more photorealistic, image-to-
image translation with GANs [12] was leveraged. The main hypothesis of the study was
that enhancing synthetic images of plastic bottles with GANs before training the YOLOv5
object detector on them would result in higher object detection accuracy compared to using
unmodified synthetic images for training.

The rest of the present chapter is organised as follows. In Section 4.2, I outline related
work; in Section 4.3, I describe the initial datasets used in the present study; in Section 4.4,
I detail the methodology and the results of the experiments; finally, in Section 4.5, I offer
concluding remarks.

4.2 Related work: object detection and sim-to-real

translation for robotics

Despite some initial scepticism about the prospects of adopting deep learning to help robots
to make sense of their environment (see [262] for an overview), DNN-based approaches to
image understanding tasks rapidly became prevalent in robotics soon after their emergence
in computer vision. Since industrial robotic systems operate in dynamic environments and
need real-time information to function efficiently and safely, the object detection component
of the perception module of such systems needs to be both accurate and fast. The second
of these requirements, the need for fast inference with an object detector deployed as part
of a robotic system, suggests considering single-stage rather than two-stage object detectors
when designing an efficient robot. By design, single-stage object detectors prioritise speed
by detecting objects in a single pass of the input image through the network, which makes
them particularly suitable for applications involving real-time processing. Although single-
stage object detectors may be less accurate than two-stage object detectors (see e.g. a
comprehensive comparison by Carranza-Garćıa et al. [263]), as the latter employ a separate
region proposal step followed by object classification and bounding box refinement, the critical
requirement for fast decision-making in industrial robotic systems may favour the adoption
of single-stage detectors despite the potential trade-off in accuracy.

One of the most popular single-stage object detectors is the YOLO family, starting with
YOLOv1 in 2016 [47] and continuing up to the most recent (at the time of writing) YOLOv8
[135] and YOLO-NAS [136] (see Section 1.3.2 and a comprehensive survey by Terven et al.
[156] for an overview). YOLO object detectors have been successfully applied to a wide
variety of robotics use cases: to mention just a few examples, Tian et al. [264] used YOLOv2
to develop an object grasping system for a humanoid robot; Cao et al. [265] customised a
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lightweight Tiny YOLOv2 [139] to detect shuttlecock for a badminton-playing robot; Zhaoxin
et al. [266] designed a robotic system for picking tomatoes based on YOLOv5 and validated
it through simulation. A number of studies (see, e.g., [267, 268, 269]) have also used various
versions of YOLO as a component of the perception module of a robotic arm system. In the
study reported in this chapter, I followed their approach and employed YOLOv5, the most
recent version of YOLO at the time the study was conducted, as a state-of-the-art CNN
model for object detection.

Regardless of how advanced the architecture of a CNN model for image understanding
is, its performance can degrade when trained only on synthetic data, as the reality gap is a
topical issue for the applications of ML [270]. To bridge or at least narrow the gap in the
visual domain, one can attempt to transfer the appearance of a real-world environment to
artificial data.

The main types of domain adaptation approaches are feature-level transfer [271] and pixel-
level transfer [272, 273]. Feature-level transfer is concerned with learning domain-invariant
features between source and target domains, whereas pixel-level transfer, which is typically
based on image-conditioned GANs [12], focuses on image styling, i.e., images from a source
domain are made to resemble images from a target domain. Overall, these methods can be
used to address the simulation-to-reality domain shift in robotic manipulation tasks.

Despite the advantages offered by the domain adaptation approaches outlined above,
they also have a substantial drawback, namely, they may alter images so as to cause the
loss of information essential for a given task. This issue is particularly problematic for tasks
involving object detection and robotic manipulation, since the complete or partial erasure of
objects or their features in the training dataset can degrade the performance of the system.
For this reason, it is common to combine domain adaptation with additional techniques such
as semantic maps of simulated images [274], which preserve the semantics relevant for the
task. Furthermore, additional loss functions can be introduced. Thus, reinforcement learning
(RL) task loss [275] enforces consistency of task policy Q-values between the original and
transferred images to preserve information important to a given task: RL-CycleGAN is
trained jointly with the RL model and requires task-specific real-world episodes. Another
approach is to add an object detector with perception consistency loss, which penalizes
the generator for discrepancies in object detection between translations. RetinaGAN [276],
which is based on this approach, uses object detection to ensure consistency across different
domains.

In the work reported in this chapter, we4 used pixel-level domain adaptation based on
the use of GANs. To improve the quality of synthetic data, we transferred the domain from
the synthetic to the real one (sim-to-real translation); our objective was to preserve objects
in the images and keep them as recognisable as possible.

4.3 Initial datasets

The starting point for our experiments was two datasets: a real-world bottle image dataset
and a synthetic bottle image dataset. I briefly describe both below.

4In the parts of this chapter concerned with synthetic data generation, I use ‘we’ rather than ‘I’, as work
on that topic was led by my colleague Diana Duplevska.
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(a) (b)

Figure 4.2: Sample images from the real-world (a) and original synthetic (b) dataset.

4.3.1 Real-world dataset

The dataset of real-world bottle images (see an example in Figure 4.2 (a)) was previously
created by our colleagues at EDI. The real-world data were collected by placing bottles
randomly in a plastic container and taking an image of the resulting visual scene. For
each captured image, the positions of the bottles were altered by emptying the container and
refilling it. Additionally, the camera exposure time and lighting intensity were systematically
varied to acquire data with a high diversity of lighting conditions.

In total, the dataset consists of 2 060 real-world images with corresponding manual la-
belling of the objects. Of these images, 1 760 images were used for training GAN models
for sim-to-real transfer (see Section 4.4.1), and the remaining 300 images comprised the test
dataset for object detectors (see Section 4.4.3).

4.3.2 Synthetic dataset

For experiments in the study described in this chapter, a synthetic dataset, as described by
Arents et al. [260], was generated; it consisted of 8800 photorealistic, high-resolution images
(see an example in Figure 4.2 (b)) of bottles in a box. These images were used in object
detection experiments (see Section 4.4.3) both in their initial form, i.e., exactly as rendered,
and after sim-to-real translation with GANs as described in Section 4.4.1.

To generate the original synthetic images, the Blender physics simulation engine [277] was
used. An initially empty box in the simulation was filled with bottles that were randomly
dropped into it for each scene. This approach allowed for the realistic generation of random
bottle configurations within the container. After filling the box with bottles, the intensity of
four different light sources was varied in the simulation, and the scene was rendered from 16
different angles. Additionally, for increased realism, Blender shader nodes, realistic textures,
reflections, and indirect light bounces were used.

Finally, an annotation file was generated for each rendered scene; it included every object
in the scene, its rotation angle, coordinates, and visibility percentage. Bottles were considered
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graspable if their visibility was above 60%.

4.4 Experiments: methodology and results

4.4.1 Sim-to-real transfer with CycleGAN

CycleGAN: overview of architecture and training procedure

We employed GANs [12] for image-to-image translation to enhance the photorealism of the
synthetic dataset described in Section 4.3 and thus narrow the sim-to-real gap. For this
purpose, we selected a specific GAN architecture, the Cycle-Consistent Adversarial Network
(CycleGAN) [278], since it was designed to find a mapping from the domain X to the domain
Y without requiring the training data to consist of matching image pairs. The absence of
such a requirement was particularly important for our work, as otherwise, we would have
had to create matching pairs of real-world and synthetic images, a task that would have been
rather cumbersome.

CycleGAN employs two mapping functions: G : X → Y to translate images in domain
X to domain Y , and an inverse mapping F : Y → X for translating images in domain Y
back to domain X. Additionally, there are two discriminator functions DX and DY , which
are used to determine whether an image is in a respective domain; in this case, X corresponds
to synthetic data, and Y corresponds to real-world data. Each mapping function, along with
its associated discriminator function, has a generative adversarial loss. Furthermore, the
inverse mapping introduces a cycle consistency loss to ensure F (G(X)) ≈ X and otherwise
G(F (Y )) ≈ Y . A schematic overview of the CycleGAN architecture is presented in Figure 4.3.

Figure 4.3: CycleGAN data generation algorithm. Reproduced from [278].

We began our experiments using the CycleGAN implementation in TensorFlow5 on the
datasets described in Section 4.3. The primary difference between the original CycleGAN
proposed by Zhu et al. [278] and the TensorFlow implementation is that the former employs
a modified ResNet-based generator [76], whereas the latter is based on a modified U-Net
[279] generator for simplicity. U-Net (see Figure 4.4) is a convolutional autoencoder with
skip connections: the encoder downscales the image using convolutional layers, whereas the
decoder upscales the latent space back to the original dimensions. The goal of adding a skip
connection to each transposed convolutional layer in the decoder is to mitigate the vanishing

5https://www.tensorflow.org/tutorials/generative/cyclegan; accessed 10 February 2024.
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gradient problem by concatenating the output of a layer to multiple layers rather than just
one.

Figure 4.4: U-Net [279] network architecture. Reproduced from [251].

To conduct experiments with CycleGAN, several data preprocessing steps were necessary.
First, from the synthetic dataset containing 8 800 images, we selected only those with good
lighting to ensure that the features of the objects were clearly visible, facilitating training
of neural networks. As a result, the synthetic dataset used for training CycleGAN consisted
of 1 760 images. Second, we cropped the backgrounds in the synthetic images to preserve
important parts of the images before resizing (see the next step). Third, we resized the
images, as the CycleGAN requires images of the same size for training. The original real-
world photos were 528×342 pixels, whereas the synthetic images were 1024×768 pixels; after
resizing, all images were 256 × 256 pixels. This reduction in resolution was also necessary
due to the limited GPU resources that were at our disposal for training CycleGAN.

The training procedure was consistent across all experiments with CycleGAN: each model
was trained for 20 epochs using the Adam optimiser with an initial learning rate of 0.0002, β
= 0.5 and λ = 10. The weights were initialized with a Gaussian distribution with a mean of
0 and a standard deviation of 0.02. For each epoch, the dataset was shuffled, and the buffer
size was set to 1000.

Datasets generated with CycleGAN

As a result of training CycleGAN to transfer the style of the real-world photos of bottles to
the synthetic images, several datasets were generated. These datasets are described below;
sample images from each dataset are shown in Table 4.1.

Baseline CycleGAN dataset. In the first experiment, CycleGAN was trained with the
parameters listed above without any additional adjustments. As shown in Figure 4.5, the
resulting neural network correctly translated and drew the shape of the box; however, the
bottles that were in the shadow in the original synthetic image were partially erased after
the transfer. Furthermore, the neural network drew non-existent bottles in the top part of
the resulting image. We considered the quality of such sim-to-real transfer insufficient for
image understanding tasks, and for this reason, this dataset, which I refer to as the Baseline
CycleGAN dataset, was not used for training object detectors.

Augmented CycleGAN dataset. To improve the quality of the generated images, we
added several data preprocessing functions: in addition to image resizing, jittering, mirroring
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(a) (b)

Figure 4.5: Sim-to-real transfer results: (a) a synthetic image used as input; (b) an output
image generated using Baseline CycleGAN. Note artefacts of sim-to-real translation – some
non-existent bottles are drawn by CycleGAN in the top left corner of the generated image.

and data normalisation, we used colour data augmentation techniques, namely, random con-
trast, brightness, hue, and saturation. The aim of using these preprocessing functions was to
reduce overfitting. We also added a central crop while maintaining the image size of 256×256,
which allowed the neural network to focus on the bottles rather than the background and
box.

Augmented noise CycleGAN dataset. In an attempt to further improve the quality
of the sim-to-real translation, we added Gaussian noise to the discriminator input to make
it more difficult for the discriminator to evaluate images, thus allowing the generator to
train longer. This method helps to avoid early overfitting of the discriminator; an overfitted
discriminator would evaluate even high-quality images generated by the network as fake,
leading to an imbalance in the neural network.

Resized convolution CycleGAN dataset. While we considered the Augmented Cycle-
GAN dataset suitable for training object detectors, there were still some observable image
defects, eliminating which could potentially further improve the quality of generated images.
The most noticeable problem was a small pixel grid in the image, known as checkerboard
artifacts [280], which occurs because of the transposed convolution [281] operations in the
decoder. Therefore, to solve this problem, it was necessary to replace the transposed convolu-
tion operation with some other operation. One possible solution was to resize the images and
then add a regular convolutional layer; we chose a different approach, namely, we replaced
the transposed convolution with a TensorFlow function tf.keras.layers.UpSampling2D to
upscale the images. By using such resizing with convolution, we removed the checkerboard
artifacts, yet the images became blurred, which is a substantial problem for object detection,
because when the edges of objects blur, their boundaries become imprecise.

Resized transpose CycleGAN dataset. To address the issue of the blurred edges that
we identified in the images in Resized convolution CycleGAN dataset, we applied resized
convolution on all layers except the last one, where we retained the transposed convolution.
This method reduced the blurriness, and the checkerboard grid became hardly noticeable.
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4.4.2 Evaluation of datasets generated with CycleGAN with FID
score

We used the Frechet Inception Distance (FID) score [282] to evaluate the quality of the
images in the datasets generated with different versions of CycleGAN. The FID score is a
performance metric that calculates the distance between the feature vectors of original images
(in this case, either the real-world images, or the synthetic images as originally rendered with
Blender) and the feature vectors of enhanced images, i.e., images generated by a GAN. It is
given by the following formula:

FID = ∥µo − µe∥2 + Tr(Σo + Σe − 2
√

ΣoΣe), (4.1)

where µo is the mean vector of the feature distribution for the original images, µe is the mean
vector of the feature distribution for the enhanced images, ∥ · ∥ is the Euclidean distance
between the mean vectors, Σo is the covariance matrix of the feature distribution for the
original images, Σe is the covariance matrix of the feature distribution for the enhanced
images, and Tr is the trace of a matrix. Importantly, a lower FID score indicates a smaller
difference between the original and the enhanced images, implying better sim-to-real transfer
results.

To obtain FID scores, we used the TensorFlow-GAN (TF-GAN) library6. In total, 5 000
images were used; this amount of data was obtained using several augmentation techniques:
random horizontal and vertical flips, rotations, and hue changes. The FID scores were calcu-
lated by comparing CycleGAN-generated images with the real-world images (FID A score)
and the original synthetic images (FID B score); these comparisons allowed us to investigate
the similarity between the enhanced images and their original synthetic versions as well as
how similar they were to the real-world images, i.e., the target domain. All the FID scores
and sample images from each dataset are shown in Table 4.1. As the results show, the worst
FID scores for both FID A and FID B were obtained for the Baseline CycleGAN dataset.
When comparing enhanced images with the real-world images (FID A), the best FID score
was obtained for the Resized transpose CycleGAN dataset; however, when comparing the en-
hanced images with the original synthetic images (FID B), the best FID score was obtained
for the Resized convolution CycleGAN dataset.

Table 4.1: Evaluation of sim-to-real transfer with CycleGAN using FID score.

Dataset Baseline Augmented Augmented noise Resized convolution Resized transpose

Images

FID A 230.28 171.41 137.27 141.03 112.26

FID B 264.81 169.73 152.29 122.86 127.25

FID A evaluates the distance between the images enhanced with CycleGAN and the real-world images;
FID B evaluates the distance between the images enhanced with CycleGAN and the original (i.e., as
rendered with Blender) synthetic images.

For further investigation, we chose two different types of CycleGAN modified from the

6https://github.com/tensorflow/gan; accessed 18 May 2024.
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basic CycleGAN – Augmented noise and Resized transpose – and compared the quality of
large images produced with them. These two types of CycleGANs have different methods
for image resizing in the CNN part, which can affect image enhancement in different ways.
Thus, on small input images, defects are imperceptible and do not affect the FID score,
but on large images, defects and artefacts may appear that affect the image semantics. We
applied Augmented noise and Resized transpose CycleGAN to the original synthetic images
with a resolution of 1024× 768 pixels and bright lighting. As a result, we created two more
datasets: Augmented noise CycleGAN 1024× 768 dataset, and Resized transpose CycleGAN
1024 × 768 dataset. We could not compare these datasets using the FID A score with the
real-world images due to their differing sizes and semantics; therefore, we only compared
them with the original synthetic images by calculating FID B score to investigate how the
image quality changed after enhancement with CycleGAN. The results of the comparison
and sample images are provided in Table 4.2.

Table 4.2: Evaluation of sim-to-real transfer with CycleGAN using the FID score for images
with a resolution of 1024× 768 pixels and constant brightness level.

Dataset Augmented noise 1024× 768 Resized transpose 1024× 768

Images

FID B 58.46 69.24

As the lower FID scores in Table 4.2 compared to those in Table 4.1 indicate, the quality
of images with the resolution 1024 × 768 pixels after sim-to-real transfer was better than
that of the images with the resolution of 256 × 256 pixels. Furthermore, when comparing
the Augmented noise CycleGAN 1024 × 768 dataset with the Resized transpose CycleGAN
1024 × 768 dataset, it can be seen that the pixel grid in the former was less noticeable,
resulting in a smaller impact on the FID score than the blurred objects without the pixel
grid in the latter dataset. As a result, the CycleGAN 1024 × 768 dataset had a better FID
score than the Resized transpose CycleGAN 1024× 768 dataset.

While the increase in the resolution of enhanced images resulted in an improved FID
score, it should be noted that these results were obtained by conducting experiments only on
large images with excellent lighting, yet the subsequent object detection experiments were
to be conducted on images with different brightness parameters. To address this issue, two
additional datasets were created by enhancing original synthetic images with various light-
ing conditions, ranging from very bright to dark, and different light source positions, using
Augmented noise CycleGAN and Resized transpose CycleGAN. When applying Augmented
noise CycleGAN to these images, the semantics of the images did not change, though some
artifacts appeared in the background. However, when Resized transpose CycleGAN was used
on images with medium brightness, artefacts appeared in the form of pixels around the ob-
jects (bottles and the box), which could interfere with the semantics of the images such as
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the shapes of the objects. The dataset in question had a relatively high FID score, suggesting
that the image quality was worse in this case and would likely result in decreased precision
for the object detection task. Therefore, despite the consideration that it would be useful to
account for varying lighting conditions, the datasets with the constant rather than varying
brightness level were used for the object detection experiments reported in Section 4.4.3.

Table 4.3: Evaluation of sim-to-real transfer with CycleGAN using the FID score for images
with a resolution of 1024× 768 pixels and varying brightness level.

Dataset Augmented noise 1024× 768 with varying
brightness levels

Resized transpose 1024× 768 with varying
brightness levels

Bright images

Dark images

FID B 80.11 124.83

4.4.3 Object Detection Experiments

Methodology

I conducted object detection experiments using the the YOLOv5 object detector [153] im-
plemented in the Ultralytics library7. The experiments were conducted on each dataset with
the YOLOv5 Small, Medium, and Extra Large models pretrained on the MS COCO dataset
[141]; as suggested by the model names, they differ by the number of parameters: 7.2 million,
21.2 million, and 86.7 million, respectively.

The models were trained on three datasets: the original dataset of synthetic images,
the Augmented noise CycleGAN 1024 × 768 dataset, and the Resized transpose CycleGAN
1024× 768 dataset. During the training, 90 percent of the images in each dataset were used
for training, and 10 percent were used for validation. The models were trained with the
following parameters: an input image size of 640× 640 pixels, a batch size of 16, a learning
rate of 0.01, a momentum of 0.937, and a weight decay of 0.0005. Each model was trained for
300 epochs with early stopping after 100 epochs if there was no validation loss improvement.

7https://github.com/ultralytics; accessed 11 November 2024.
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After training, the checkpoint with the best performance on the validation data was retrieved
and tested on a set 300 real-world test images.

Results

I report the results of the object detection experiments in Table 4.4, using standard metrics
for the task of object detection, namely, precision, recall, and mean average precision (mAP)
for bounding boxes. mAP is calculated for an intersection over union (IoU) threshold of 0.5
as well averaged for IoU threshold from 0.5 to 0.95 in steps of 0.05.

As shown in Table 4.4, the models trained on the Augmented noise CycleGAN 1024×768
dataset consistently outperformed both the models trained on the original synthetic dataset
and the models trained on the Resized transpose CycleGAN 1024× 768 dataset in terms of
precision, recall, and mAP for IoU with threshold of 0.5 and mAP averaged for IoU thresholds
∈ [0.5 : 0.05 : 0.95]. In contrast, the performance of the models trained on another enhanced
dataset, Resized transpose CycleGAN 1024 × 768, was consistently worse than that of the
models trained on the original synthetic data, with the sole exception being the better recall
of the Extra Large model. Another noteworthy observation is that when comparing the
performance of different model sizes on the same datasets, larger models did not consistently
outperform their smaller counterparts: for instance, both the mAP for IoU with threshold of
0.5 and mAP averaged for IoU threshold ∈ [0.5 : 0.05 : 0.95] were better for YOLOv5 Small
trained on the Augmented noise CycleGAN 1024×768 dataset than for YOLOv5 Extra Large
trained on the same dataset. This may indicate that the larger object detectors employed in
the experiments were overfitting on the training dataset, which was comparatively small in
size.

Table 4.4: Results of the object detection experiments with YOLOv5 on the original synthetic
data and synthetic data enhanced with CycleGAN.

Model Dataset Precision Recall
mAP

(threshold
0.5)

mAP
(avg for IoU
∈ [0.5 : 0.05 :

0.95])

Original synthetic 68.9 89.4 74.2 44.7

YOLOv5
Small

Resized transpose
1024× 768

61.5 83.8 63.2 24.5

Augmented noise
1024× 768

73.1 90.5 77.7 48.0

Original synthetic 69.3 80.2 72.0 42.0

YOLOv5
Medium

Resized transpose
1024× 768

58.1 78.2 58.9 20.4

Augmented noise
1024× 768

71.2 91.0 75.3 45.5

Original synthetic 71.8 78.5 75.0 41.3

YOLOv5
Extra Large

Resized transpose
1024× 768

68.3 86.7 71.5 33.9

Augmented noise
1024× 768

72.1 87.2 76.1 46.1
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4.5 Concluding remarks

The goal of the study reported in this chapter was to improve the accuracy of detecting plastic
bottles for a bin-picking task by enhancing the photorealism of synthetic images using Cycle-
GAN. In our initial experiment, we employed the original implementation of CycleGAN in
TensorFlow for sim-to-real image translation and generated the Baseline CycleGAN dataset;
in subsequent experiments, we used improved versions of the CycleGAN architecture and
generated several other datasets: Augmented CycleGAN, Augmented noise CycleGAN, Re-
sized convolution CycleGAN, and Resized transpose CycleGAN datasets. Evaluation of these
datasets by means of the FID score demonstrated that the best sim-to-real transfer results
were achieved with the Resized transpose CycleGAN and Augmented noise CycleGAN mod-
els. To further enhance the images, we used the Resized transpose CycleGAN and Augmented
noise CycleGAN models to generate images with higher resolution, namely, 1024×768 pixels,
compared to 256 × 256 pixels in prior experiments. As a result, improved FID scores were
achieved for these new datasets, with the Augmented noise CycleGAN dataset obtaining a
better FID score than the Resized transpose CycleGAN dataset. However, our attempts to
further improve the FID score by applying sim-to-real transfer not only to bright images, as
in the case of the Resized transpose CycleGAN 1024× 768 and Augmented noise CycleGAN
1024 × 768 datasets, but also to images with varying lighting conditions and light source
positions, were unsuccessful, yielding worse FID scores due to new artefacts. Therefore, the
best results for sim-to-real transfer in our study were achieved with the Resized transpose
CycleGAN 1024×768 and Augmented noise CycleGAN 1024×768 datasets, which were then
used in object detection experiments.

The goal of the object detection experiments was to compare the object detection accuracy
of models trained on the original Blender-generated synthetic data with those trained on
enhanced synthetic images. I trained the YOLOv5 object detectors of three different sizes on
the original synthetic dataset, the Resized transpose CycleGAN 1024× 768 dataset, and the
Augmented noise CycleGAN 1024 × 768 dataset; after training, the models were tested on
real-world images. While the object detectors trained on the Resized transpose CycleGAN
1024 × 768 dataset performed worse than those trained on the original synthetic data, the
models trained on the Augmented noise CycleGAN 1024 × 768 dataset outperformed the
models trained on the original synthetic data across all metrics of interest: precision, recall,
and mAP. These results demonstrated that CycleGAN can be successfully used for sim-to-real
translation of synthetic datasets for bin-picking tasks.

The experiments reported in this chapter are the first step in the overall development of
a bin-picking pipeline. While the object detectors trained in these experiment detect objects
that are the most promising for a successful grasp in 2D images, the proposed approach can
also be utilised for further steps such as instance segmentation and grasp pose estimation in
3D. Furthermore, the synthetic data generated with Blender contain sufficient 3D information
to be used by different approaches, such as directly performing 6D object pose estimation
(see e.g. [283]). However, a detailed plan of how the approach developed in this study can
contribute to these steps is beyond the scope of this chapter and is envisaged as future work.
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Chapter 5

Image Classification for Monitoring
the Growth of Organs-on-a-Chip

In this chapter, I describe the development of CNN-based image classifiers for monitoring
the growth of organs-on-a-chip (OOC; see [284] for a comprehensive survey), a promising
emerging technology in biomedical research. Given that both the initial and final datasets
of OOC microscopy images for training and evaluating CNN models were relatively small, as
is often the case with studies involving biomedical image understanding, I augmented them
with synthetic data, attempting to improve the accuracy of the classifiers. Therefore, in
addition to exploring the applications of deep learning methods in biomedicine, this chapter
also further examines the approach of training CNNs on a mix of real-world and synthetic
data, which I began to explore in Chapters 2, 3, and 4.

This chapter builds upon the following scientific papers:

[285] M. Ivanovs, L. Leja, K. Zviedris, R. Rimsa, K. Narbute, V. Movcana, F. Rumnieks,
A. Strods, K. Gillois, G. Mozolevskis, A. Abols, and R. Kadikis, “Synthetic image
generation with a fine-tuned latent diffusion model for organ on chip cell image clas-
sification,” in 2023 Signal Processing: Algorithms, Architectures, Arrangements, and
Applications (SPA), pp. 148-153, IEEE, 2023.

[286] V. Movčana, A. Strods, K. Narbute, F. Rūmnieks, R. Rimša, G. Mozoļevskis, M.
Ivanovs, R. Kadiķis, K. Zviedris, L. Leja, A. Zujeva, T. Laimiņa, and Arturs Abols,
“Organ-On-A-Chip (OOC) Image Dataset for Machine Learning and Tissue Model
Evaluation”, Data, vol. 9, issue 2, 2024.

As the first author of [285], I was responsible for planning and conducting experiments
with both real-world and synthetic data. I also led the analysis of experimental results as well
as had a principal role in drafting, revising, and finalising the manuscript in collaboration
with other co-authors. As the lead author from the field of Computer Science in [286], I
ensured that the image dataset published as an integral part of that publication was suitable
for ML purposes; I was also in charge of validating CNN models on that dataset.

5.1 Introduction

Recently, CNNs have successfully been applied to a broad range of biomedical image under-
standing tasks, such as the segmentation of magnetic resonance images (MRI) for diagnosing
Alzheimer’s disease [287], the segmentation of endoscopic and nuclei images [288], and the

105



classification of skin lesions [289] and chest X-ray images [290]. Remarkably, they have
even outperformed human experts in some of these tasks [291]. In the work reported in the
present chapter, I used CNNs to classify biomedical microscopy images to monitor the growth
of OOC. To underscore the practical importance of this task, I provide an insight into the
research on OOC in the following.

OOC technology combines tissue engineering and microfluidics to imitate key aspects of
human physiology, with the aim of recreating the environment of particular human organs in
vitro1. The primary assumption is that certain functions of a human organ can be replicated
by growing respective cells (e.g., gut epithelial cells to imitate intestines, or lung epithelial
and endothelial cells to imitate lungs) in horizontal microfluidic channels separated by a
porous membrane. In an OOC setup, culture media flows over both sides of the membrane,
ensuring that cells are supplied with nutrients and metabolic waste is removed. Furthermore,
the flow exerts shear stress on the cells, similar to that exerted on cells in a living system,
thereby creating a more physiologically plausible environment.

A successfully operating OOC setup needs to ensure that the tissue models are representa-
tive of their originals both morphologically and functionally; to achieve this, daily monitoring
of the samples is essential. Such monitoring can be improved and automated by using a ma-
chine learning system-controlled rather than a human-supervised OOC cultivation system,
which would reduce the operating costs of the system and increase its output.

One of the key requirements for the design of such a system as defined in the project
AI-Improved Organ on Chip Cultivation for Personalised Medicine – AImOOC, in which the
research reported in this chapter was carried out, was the ability to classify the condition
of the cell sample on a chip (accessible via microscopy images acquired with the camera
attached to an optical microscope) as ‘good’, ‘acceptable’, or ‘bad’ (Figure 5.1). Depending
on the classification outcome, the intensity of the flow of the solution to the chip should
be maintained, or increased, or the experiment should be stopped altogether if it is deemed
unproductive to continue.

(a) (b) (c) (d) (e)

Figure 5.1: Schematic overview of the automated system for monitoring the growth of OOC:
(a) a chip for growing OOC; (b) an OOC setup; (c) an image of OOC tissue acquired with
a light microscope; (d) an image classifier; (e) an output of the classifier.

Given that state-of-the-art results on image classification tasks have been achieved with
CNNs, using a CNN-based classifier as a part of the automated system in question is a promis-
ing solution. However, when implementing such a system, the issue of data availability for
training a CNN model inevitably arises, as the number of images for training and evaluating
CNN models in the AImOOC project was expected to be comparatively small, ranging from
several hundred to several thousand, because of the current throughput of non-automated
OOC systems. Furthermore, to the best of my knowledge, at the time when the AImOOC
project was carried out, there were no publicly available datasets that would be suitable for

1I.e., not in a living organism, but rather in a controlled artificial environment.
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that task, as the images obtained with the OOC setup designed by the EDI partners in the
AImOOC project had a rather specific appearance (see a sample image in Figure 5.1).

To address the issue of limited data availability, I adopted the promising approach of using
a large generative model for image synthesis. Such highly popular large text-to-image models
as Midjourney [157], DALL·E [158] and Stable Diffusion [13] have demonstrated impressive
capabilities in generating artificial images for various purposes – from book illustrations to
visuals for advertising campaigns to synthetic X-ray images [292] – and are available in im-
plementations that are quite easy to use. However, one should take into account that these
models have not originally been trained on the data that would make them capable of gen-
erating such domain-specific data as OOC biomedical images; furthermore, retraining them
from the ground up would require a lot of computational resources and therefore would be
prohibitively expensive and time-consuming. Nevertheless, it is possible to produce synthetic
counterparts of the real-world OOC images by such means as e.g. image-to-image translation
as well as to fine-tune large generative models on a small amount of the data on consumer-
grade computer hardware employing such recently proposed methods for that as low-rank
adaptation (LoRA; [293]).

The goal of the research reported in the present chapter was to develop a classifier for
OOC microscopy images. To achieve it, two studies were conducted. In the first study,
I trained EfficientNet-B7 [107] CNN on both the initial real-world dataset of microscopy
OOC images and the augmented dataset that included synthetic images generated with
the Stable Diffusion model fine-tuned with LoRA. In the second study, the team of ML
researchers that I led trained EfficientNet-B7 and MobileNetV3Large [106] CNNs on a larger
real-world dataset of microscopy OOC images [286] and the augmented dataset, in which real-
world images were supplemented with their synthetic counterparts generated with various
generative AI methods available for the Stable Diffusion model, such as image-to-image
translation, inpainting with masks, interpolation, and fine-tuning with LoRA. As in the
research reported in Chapter 3, experiments with augmented datasets in both studies reported
in this chapter involved adding different proportions of synthetic data to the real-world
dataset to investigate how the proportion of synthetic data would affect the performance
of the classifier. For both studies that I report in the following, I proposed the same two
hypotheses, namely:

• Hypothesis 1: A CNN-based classifier achieves better accuracy on the real-world
microscopy OOC image dataset than a putative ‘naive’ classifier.

• Hypothesis 2: The classification accuracy on the real-world microscopy OOC image
dataset improves when a CNN-based classifier is trained on the dataset augmented
with synthetic data generated with the Stable Diffusion model rather than solely on
the real-world image dataset.

The structure of the rest of the chapter is as follows. In Section 5.2, I discuss related
work; in Section 5.3, I describe the first study, which was conducted on the initial OOC image
dataset; Section 5.4.1 is concerned with the second study, which was conducted on the final
OOC image dataset; finally, in Section 5.5, I offer some concluding remarks.
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5.2 Related work

5.2.1 Synthetic data for training CNN models for biomedical
image understanding tasks

The use of synthetic data for training CNNs for various image understanding tasks in the
biomedical domain has recently become increasingly popular, as it can help address the
scarcity of real-world data, both in terms of overall dataset size and the underrepresentation
of certain classes. Beyond the common challenges of using synthetic data, such as bridging
the gap between synthetic and real-world domains, there are additional challenges specific
to biomedical image understanding tasks. In particular, while many other domains have
readily available image synthesis tools – e.g., it is possible to acquire artificial images of
street views in video games [243, 294], or generate them with a car driving simulator, as I did
in the research reported in Chapter 3 – such solutions are often unavailable for more niche
biomedical purposes. Furthermore, biomedical images tend to be high-resolution, which
may require more powerful hardware and longer computation times to generate synthetic
data. Yet another challenge is evaluating generated synthetic images: while the quality
of general-purpose synthetic images – such as faces, cars, street views, human bodies and
other common scenes and objects – can at least preliminary be evaluated visually without
additional expertise, evaluating artificial biomedical images may require expert knowledge,
which can lengthen the iteration cycle for improving synthetic data.

Some of the popular methods for generating synthetic data for biomedical purposes are
Variational Autoencoders (VAEs; [295]) and Generative Adversarial Networks (GANs). VAE
is a generative model that combines the autoencoder architecture with Bayesian approaches
to encode the inputs into a latent space and then generate new data by decoding from
it. Since VAEs can efficiently model large datasets, they have been successfully used to
generate biomedical data such as brain MRI [296] and endoscopic images [297]. However,
VAEs also tend to produce blurry output due to learning non-informative latent codes [298]
and unrealistic distributions of prior vs posterior data [299]. GANs, which were used in the
research reported in Chapter 4, have also been successfully applied to a number of biomedical
image understanding tasks, such as generating blood cell images [300] and images of retinal
blood vessels [301]. However, as we could see in Chapter 4, adapting a GAN to a specific task
can require a number of iterative changes by trial and error, and all in all, training GANs
has a reputation in the ML community for being challenging due to the frequently occurring
issues such as mode collapse, instability of the model, and non-convergence [302]. Therefore,
while these approaches, especially the use of GANs, remain a lively area of research with
substantial potential for applications in biomedicine, it may be beneficial to explore other
robust and simpler means of image synthesis.

5.2.2 Large generative models for image synthesis

A promising alternative to the smaller generative architectures mentioned in the previous
section is the use of large generative models for image synthesis. These DNN-based models,
trained on very large datasets containing a broad range of imagery, can generate images with
complex semantics and a high degree of photorealism in response to simple text prompts given
in natural language. Some of the most popular large text-to-image models are Midjourney
[157], DALL·E [158], and Stable Diffusion [13]. In addition to the high quality of output,
another advantage of these models is their ease of use, as they are accessible via user-friendly
interfaces, either through online platforms or, in the case of Stable Diffusion, locally as well,
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and do not require any advanced skills to run them in a standard configuration.
Several studies have already leveraged large text-to-image models to generate biomedical

images: Akrout et al. [303] generated images of skin diseases with Stable Diffusion; Ali et al.
[292] created realistic X-ray and computed tomography synthetic images of lungs with Stable
Diffusion and DALL·E 2; Chambon et al. [304] generated X-ray images of lungs with a fine-
tuned Stable Diffusion model. The main challenge in applying large text-to-image models
for generating biomedical images is adapting these models to the biomedical domain. This
adaptation is necessary due to the specific semantics of target images, which differ from the
general nature of images these models were originally designed to produce. Therefore, it may
be more practical to use open-source large text-to-image models instead of proprietary ones,
as the former offer more options for modifying (e.g., by means of fine-tuning) the foundational
model. Since the most popular open-source generative AI model is currently Stable Diffusion
[13], a latent text-to-image diffusion model, I chose to use it in the studies reported in this
chapter and describe it in the following.

5.2.3 Stable Diffusion model for image generation

Diffusion models, first introduced in the context of generative modelling by Sohl-Dickstein et
al. [305], are deep latent variable models that generate new data, such as images, by means of
a two-stage process (see Figure 5.2): in the forward diffusion stage, Gaussian noise is added
to the training data, slowly corrupting it, whereas in the reverse diffusion stage, the original
input data is recovered by gradually reversing the diffusion process [306].

Figure 5.2: The two stages of diffusion model training: the forward and the reverse diffusion
stage. Reproduced from [292].

More formally, the forward diffusion stage, starting from the original data x0 ∼ q(x0) and
proceeding for T iterations, is defined as

q(xt | xt−1) = N (xt;
√

1− βtxt−1, βtI) [307], (5.1)

q(x1:T | x0) =
T∏
t=1

q(xt | xt−1) [307], (5.2)
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where the hyperparameter βt (for t ∈ {1, . . . , T}), the variance scheduler, is a small pos-
itive constant that controls the amount of noise added at step t and is set such that xT

approximates a standard Gaussian distribution [307]. The reverse diffusion stage is defined
as

pθ(xt−1 | xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) [307], (5.3)

pθ(x0:T ) = p(xT )
T∏
t=1

pθ(xt−1 | xt) [307], (5.4)

where θ are parameters learned by the diffusion model during the training.
To make it possible to impose conditions (for instance, a text prompt for text-to-image

translation) on the data generation by the diffusion model, a set of conditions c can be
incorporated into the reverse diffusion stage, which therefore becomes

pθ(xt−1 | xt, c) = N (xt−1;µθ(xt, t, c),Σθ(xt, t, c)) [307]. (5.5)

The training of the diffusion model involves minimising a variational lower-bound on the
negative log-likelihood:

Lvlb = − log pθ(x0 | x1)+KL (p(xT | x0)∥π(xT ))+
∑
t>1

KL (p(xt−1 | xt,x0)∥pθ(xt−1 | xt)) [306],

(5.6)
where KL stands for the Kullback-Leibler divergence between the true distribution p and
the model distribution pθ. As Ho, Jain, and Abbeel [308] demonstrated, the above training
objective can be effectively replaced by a simpler one, namely,

Lsimple = Et∼[1,T ]Ex0∼p(x0)Ezt∼N (0,I) ∥zt − zθ(xt, t)∥2 [306], (5.7)

where E denotes the expected value, and zθ(xt, t) is the network’s prediction of the noise at
time step t.

While diffusion models have achieved impressive results in image generation tasks, they
have a notable shortcoming: due to their complexity, substantial computational resources
are required both for training and for performing inference (i.e., generating synthetic data)
[13]. Therefore, as Esser et al. observe [309], work on making these stages of the life cycle
of diffusion models less computationally demanding has recently become a growing area of
research. One of the most notable recent studies on that topic was conducted by Rombach
et al. [13], who replaced the computationally expensive pixel space that diffusion models
typically operate upon with the more compact lower-dimensional space that is perceptually
equivalent to the original one. To achieve this, the training was divided into two distinct
phases: first, an autoencoder was trained on the original data, removing imperceptible de-
tails from the data space and producing its low-dimensional latent representation; second, a
diffusion model was trained on this latent space. More formally, the encoder E encodes an
image x ∈ RH×W×3 into a latent representation z = E(x), and the decoder D subsequently
reconstructs the image from z, returning x̃ = D(z) = D(E(x)) (z ∈ Rh×w×c) [13]. E down-
samples the input image by a factor f = H

h
= W

w
[13]; Rombach et al. [13] empirically found

that factor f in the range 4 ≤ f ≤ 16 strikes a good balance between computational effi-
ciency on the one hand and the quality of the output of their latent diffusion model (LDM)
on the other hand. Additionally, to implement parametrization of the LDM with conditions
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to enable text-to-image synthesis, they employed the Bidirectional encoder representations
from transformers (BERT) tokenizer [310] and a transformer [311], which infer a latent code
that can then be mapped onto the backbone of the LDM, the U-Net CNN [279], by means
of a cross-attention mechanism [13].

Stable Diffusion [312] is an updated and more efficient version of the original implemen-
tation of the LDM [313]. It features a number of performance-improving differences over the
original LDM; in particular, instead of the BERT tokenizer, it employs Contrastive Language-
Image Pre-training (CLIP) text encoder [314]. Remarkably, this open-source model can be
installed locally and run in inference mode on a machine with a GPU that has at least 10 GB
of VRAM [312], which makes it accessible to a broad range of users. Furthermore, the release
of Stable Diffusion with a browser-based user interface [315] has made interacting with the
model even easier and allows users to employ various techniques for generating images (e.g.,
image interpolation, image-to-image translation, and inpainting; details follow) and methods
for extending the LDM. Therefore, I chose the implementation in [315] for the experiments
on augmenting real-world OOC image datasets with synthetic images reported in the rest of
the chapter.

5.3 Experiments on the initial OOC image dataset

In the first study, I conducted experiments on the initial dataset of OOC microscopy images.
In the following, I describe the real-world OOC image dataset, the process of generating
synthetic data to augment it, and the methodology and results of experiments with CNN-
based classifiers.

5.3.1 The initial OOC image dataset

To obtain data for the design and validation of a CNN-based classifier, cells were cultivated
in a custom-made OOC setup. Several cell lines were used for that: to create a gut-on-a-chip
model, Caco-2 (colorectal adenocarcinoma epithelial cells, HTB-37, ATCC, Manassas, VA,
USA) and HUVEC (human umbilical vein endothelial cells, CRL-1730, ATCC) cell lines were
used to mimic epithelial and endothelial cell layers; for developing a lung cancer-on-a-chip
model, A549 (human lung adenocarcinoma alveolar basal epithelial cells, CCL-185, ATTC)
and HPMEC (human pulmonary microvascular endothelial cells; 3000, ScienCell, Carlsbad,
CA, USA) were used; for lung-on-a-chip modelling, the HSAEC (human small airway epithe-
lial cells, PCS-301-010, ATCC) epithelial cell line was used. The cell seeding density varied
and was specific to each cell type to achieve optimal attachment to the membrane of the chip
channel and its coverage. Cells were typically cultivated in the OOC setup for ≈ 8 days,
although some chips were cultivated for up to 22 days. Various flow rates ranging from 0.7
µL/min to 2.77 µL/min were used for cell cultivation.

For imaging the cell tissue, an automated OOC brightfield microscopy setup developed
by Cellbox Labs Ltd. (Riga, Latvia) was used. The imaging system consisted of a high-
resolution camera IM Compact M (IC10-05q32MU3101, Opto GmbH), and precise control of
chip movement was achieved using a precision XYZ motion system. Live imaging and image
acquisition were done using OptoViewer software (Opto GmbH), while the movement of the
XYZ stage was controlled with Zaber Launcher software (Zaber Technologies).

The acquired images were saved in a private repository and indexed in a table containing
a unique identifier for each image, along with data on initial cell seeding density, media flow
rate, and cultivation length. The resulting initial dataset of OOC images was rather small,
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consisting of 822 images, which were labelled into three classes with imbalanced distribution:
the ‘good’ class with 500 images, the ‘acceptable’ class with 212 images, and the ‘bad’ class
with 110 images. The ground truth classification of the images was performed by experienced
cell biologists based on expected cell morphology and density, while also considering and tak-
ing into account the corresponding cell line and the duration of cultivation. The distribution
of the images by classes and cell types is shown in Figure 5.3.

Figure 5.3: Distribution of images by cell lines and classes in the initial OOC dataset.

5.3.2 Synthetic data for augmenting the initial OOC image dataset

To augment the initial OOC image dataset with synthetic data, I fine-tuned Stable Diffusion
using the method of low-rank adaptation (LoRA; [293]). A remarkable advantage of LoRA is
that even a small number of images – just a few dozen – is typically sufficient for fine-tuning
a large generative model. Fine-tuning the Stable Diffusion model with LoRA targets the
cross-attention layers by incorporating low-rank matrices (hence the name of the method)
that specifically adjust a subset of the weights in these layers. In particular, after fine-tuning,
the original weight matrix W ∈ Rd×k is transformed into its updated version W ′ = W +∆W,
where ∆W is the update matrix. The efficiency of fine-tuning with LoRA is due to the
low rank of the update matrix, which is achieved by rank decomposition ∆W = B ×A with
B ∈ Rd×r, A ∈ Rr×k, and the rank r ≪ min(d, k) [293]. SinceW is frozen during fine-tuning,
and only A and B are trained, and since the size of A and B is smaller than that of W , LoRA
is very efficient. Thus, while the original Stable Diffusion-v-1-1 model was trained on a cluster
consisting of 32 nodes with 8 NVIDIA A100 GPUs per node2, it is possible to fine-tune it
with LoRA using the free version of the Google Colab environment3. The fine-tuned model

2https://huggingface.co/CompVis/stable-diffusion-v-1-1-original#training; accessed 29
September 2024.

3https://colab.research.google.com/; accessed 29 September 2024.
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can then be used for generating images in response to the text prompts provided by the user.
The procedure for generating synthetic data involved splitting the dataset of the real-

world images into 5 folds (see Section 5.3.3 ) and using each fold to create three LoRA
models (i.e., one for each of the classes, ‘good’, ‘acceptable’, and ‘bad’) using a popular
open-source implementation4 of LoRA for that. All in all, 15 LoRA models were generated
with the following parameters: 2 repeats for each image, training for 10 epochs, training
batch size equal to two, U-Net learning rate equal to 0.0005, text encoder learning rate
equal to 0.0001. These LoRA models were then used together with the Stable Diffusion web
UI model [315] to generate synthetic data. The Stable Diffusion web UI model was used
with the following parameters: Euler A sampler, 20 sampling steps, classifier-free guidance
(CFG) scale of 7, random seed. I generated two datasets of synthetic images with these
parameters, the difference between them being that for one dataset, I set the LoRA weight
to 1.0, whereas for the other dataset, I set this parameter to 0.8. A higher LoRA weight
results in generated images that are more similar to the original ones, whereas a lower weight
increases the variability of the generated images, making them less similar to the original
ones. The creation of these two distinct datasets made it possible to explore the impact of
different levels of LoRA weights on the performance of the image classifier trained on the
augmented dataset.

The examples of the generated images are shown in Figure 5.4. Fine-tuning Stable Dif-
fusion with LoRA made it possible to generate images that are somewhat similar to their
authentic counterparts. In particular, the granularity of both authentic and synthetic ‘good’
images in the left column differs from that of the ‘bad’ images in the right column, which
corresponds to the presence of the cells attached to the medium they were grown on in
the former case compared to cells that have not attached to the medium in the latter case.
However, due to the rather specific nature of the OOC images, it was unclear from visual
inspection alone whether the degree of similarity would be sufficient to improve the accuracy
of a CNN-based classifier trained on these data.

5.3.3 Experiments with CNNs on the initial dataset

I conducted experiments by training the EfficientNet-B7 [107] CNN model, available in the
Keras framework [78], which was pretrained on the ImageNet [19] dataset. The architecture
of the model was as follows:

• input layer with a resolution of 600× 600 pixels;

• data augmentation layer with random rotations (factor=0.25), random translations
(height factor=0.1, width factor=0.1), random flips, and random contrast (factor=0.1);

• baseline EfficientNet-B7 model with its weights frozen;

• GlobalAveragePooling2D layer;

• BatchNormalization layer with dropout (rate=0.2);

• Dense layer with 3 neurons with the softmax activation function.

The training of each model consisted of 30 epochs, using the Adam optimiser (learning
rate=0.001), with sparse categorical crossentropy loss as the loss function. The dataset was
partitioned into five folds, with each fold serving as a holdout fold for 5-fold cross-validation.

4https://civitai.com/models/22530; accessed 1 September 2024.
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(a) (b) (c)

(d) (e) (f)

Figure 5.4: Sample OOC images. Top row – real-world images from the initial OOC image
dataset: (a) class ‘good’; (b) class ‘acceptable’; (c) class ‘bad’. Bottom row – synthetic images
generated with Stable Diffusion fine-tuned with LoRA: (d) class ‘good’; (e) class ‘acceptable’;
(f) class ‘bad’.

When training on the augmented dataset, I ensured that synthetic data was generated using
LoRA models created on only the training data, excluding the data from the respective
holdout fold to prevent information leakage from the training data to the validation data.
The training was conducted on a PC with 8 GB RAM, an Intel i5-2500K CPU, an NVIDIA
RTX 3090 GPU with 24 GB VRAM, and Ubuntu 18.04.6 LTS OS.

The results of experiments on datasets augmented with synthetic data generated using a
LoRA weight of 1.0 are reported in Table 5.1, while those using a LoRA weight of 0.8 are
reported in Table 5.2. Furthermore, the results of the experiments with the model trained
solely on the real-world alone are also provided in both tables for reference. As can be seen,
the baseline CNN model achieved an accuracy of 72.9%, which is better than the accuracy
of a putative ‘naive’ classifier on the given dataset, namely, 60.8%, corresponding to the
percentage of the largest class. However, augmenting the real-world image dataset with
synthetic images resulted in the deterioration rather than an improvement in classification
accuracy, with a trend of decreasing accuracy as the percentage of synthetic data used for
augmentation increased.

5.4 Experiments on the final OOC image dataset

In the second study, the team of EDI researchers that I led conducted experiments by training
CNNs on the final dataset of OOC microscopy images. Below, I describe the dataset, the
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Table 5.1: The results of evaluating EfficientNet-B7 image classifiers trained on the datasets
augmented with the synthetic data generated with the LoRA weight of 1.0.

Dataset Precision Recall Accuracy

Synthetic only (100%) 61.7 60.8 61.4
Real-world & 100% synthetic 70.7 68.7 69.9
Real-world & 75% synthetic 70.2 68.0 69.6
Real-world & 50% synthetic 72.0 69.7 71.0
Real-world & 25% synthetic 71.9 69.9 70.7
Real-world & 10% synthetic 72.9 70.1 72.1
Baseline (real-world only) 73.1 71.5 72.9

Table 5.2: The results of evaluating EfficientNet-B7 image classifiers trained on the datasets
augmented with the synthetic data generated with the LoRA weight of 0.8.

Dataset Precision Recall Accuracy

Synthetic only (100%) 63.0 59.5 62.1
Real-world & 100% synthetic 70.9 68.5 70.1
Real-world & 75% synthetic 71.8 69.6 70.7
Real-world & 50% synthetic 69.8 67.9 69.3
Real-world & 25% synthetic 70.9 69.0 70.4
Real-world & 10% synthetic 72.9 70.2 71.8
Baseline (real-world only) 73.1 71.5 72.9

methodology of generating synthetic data to augment it, and the methodology and results
of the experiments with CNN classifiers.

5.4.1 The final OOC image dataset

The final dataset of OOC images consists of 3072 images, incorporating the initial dataset de-
scribed in Section 5.3.1, and was acquired using the same methodology as the initial dataset.
However, it also features some key differences, namely:

• based on the recommendation of the biology experts involved in the AImOOC project,
the three-class labelling (‘good’, ‘acceptable’, and ‘bad’) was replaced by a straightfor-
ward binary classification: ‘good’ and ‘bad’.

• in addition to the five cell lines in the initial dataset, the final dataset includes an ad-
ditional line: NHBE (normal human bronchial epithelial cells, CC-2541, Lonza, Basel,
Switzerland).

The distribution of the images by classes and cell types is shown in Figure 5.5.
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Figure 5.5: Distribution of images by cell lines and classes in the final OOC dataset.

5.4.2 Synthetic data for augmenting the final OOC image dataset

To augment the final OOC image dataset with synthetic data, the research team that I
led employed several methods: image-to-image translation, inpainting with masks, image
interpolation, and fine-tuning with the LoRA. I detail these methods below.

Image-to-image translation is such a transformation of an input image into an output
image that the latter both retains some features of the former and acquires some new features.
Using a latent diffusion model, the input image is first encoded into a latent representation
that captures its essential features. This representation is then modified to some extent
and decoded back into the image space, thus producing an output image. Leveraging the
Stable Diffusion model for image-to-image translation, the original images were processed for
30 sampling steps using the Diffusion Probabilistic Model Second-Order Multistep Improved
(DPM++ 2M) Karras sampler [316], a CFG of 7, and a denoising strength of 0.3. As a result,
a counterpart was generated for each original image. Sample images obtained through this
method are shown in Figure 5.6.
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(a) (b)

(c) (d)

Figure 5.6: Examples of image-to-image translation with Stable Diffusion: (a) a real-world
input image, class ‘good’; (b) an output image, class ‘good’; (c) a real-world input image,
class ‘bad’; (d) an output image, class ‘bad’.

Inpainting with masks involves selectively modifying an input image by applying a
mask to designate which parts of the image should be altered. In this study, the masks con-
sisted of black and white stripes, with white stripes designating the areas to be inpainted (i.e.,
replaced) with synthetic data, and black stripes designating the areas to remain unchanged.
As a result, a partially new image was produced. To implement inpaining with masks using
the Stable Diffusion model, the input images were processed for 50 sampling steps with the
DPM++ 2M Karras sampler, a CFG of 7, and a denoising strength of 0.3. The resulting
sample images are shown in Figure 5.7.
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(a) (b) (c)

(d) (e)

Figure 5.7: Example of inpainting with masks with the Stable Diffusion model. Top row: (a)
a real-world input image; (b) a vertical mask; (c) an output image. Bottom row: close-ups of
crops (100× 100 pixels) from the top left corners of the same (d) input image and (e) output
image, illustrating the difference between them due to inpainting.

The goal of image interpolation is to create an intermediate image between two or more
input images. In the case of Stable Diffusion, interpolation is performed in the latent space;
in particular, since the latent space learned by Stable Diffusion is a continuous manifold,
it is possible to move along the path connecting two or more images while remaining on
the manifold, and each intermediate step on that path will therefore be a valid image as
well [317]. For the implementation of image interpolation in this study, Stable Diffusion was
extended with a publicly available script5, and the model processed the input images for 20
steps using the DPM++ 2M Karras sampler with the denoising strength set to 0.25, allowing
the output images to preserve salient details without introducing noise artefacts. The CFG
scale was fixed at the default value of 7, and no prompt was used. Sample images obtained
through interpolation are shown in Figure 5.8.

5https://github.com/DiceOwl/StableDiffusionStuff/blob/main/interpolate.py; accessed 10 Au-
gust 2024.
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(a) (b) (c)

Figure 5.8: Example of interpolation with Stable Diffusion: (a) the first input image; (b) the
second input image; (c) the output image.

For image generation after fine-tuning Stable Diffusion with LoRA, two LoRA
models were created: one for the ‘bad’ class, and one for the ‘good’ class. The parameters
for creating the LoRA models were as follows: two repeats for each image, training for
10 epochs, a training batch size of two, U-Net learning rate of 0.0005, and text encoder
learning rate of 0.0001. The LoRA models were then used as fine-tuning extensions of the
web UI implementation of Stable Diffusion to generate synthetic images with the following
parameters: the DPM++ 2M Karras sampler, 20 sampling steps, a CFG scale of 7, a random
seed, and a LoRA weight set to 0.7. Overall, the above parameters were similar to those
used in the study on the initial dataset reported in Section 5.3.2, with the main difference
being that in the study on the final dataset, the more advanced DPM++ 2M Karras sampler
was used instead of the default Euler A sampler. Sample images generated by means of this
approach are shown in Figure 5.9.

Figure 5.9: Examples of images generated after fine-tuning Stable Diffusion with LoRA: the
top row - class ‘good’, the bottom row - class ‘bad’.
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5.4.3 Experiments with CNNs on the final dataset

Prior to training CNNs on the dataset, all images were standardised by centre-cropping from
their original size of either 2056× 1542 or 2048× 1536 pixels to a uniform size of 512× 512
pixels. This resizing met the input requirements of the pretrained CNN models; furthermore,
focusing on the central areas of the images eliminated redundant edge regions, which often
contained repetitive patterns and peripheral anomalies such as black lines and blurriness
that did not contribute to model training. After resizing, the dataset was split into training,
validation, and test subsets with a ratio of 70/10/20, ensuring that all classes, cell lines,
and time points after seeding (0-1 days, 2-3 days, 4 days, and 4+ days) were proportionally
represented in each split.

After preprocessing the images and splitting the dataset, the team that I lead conducted
experiments with two CNN models provided in the Keras framework [78]: EfficientNet-
B7 [107] and MobileNetV3Large [106]. Both models were pretrained on the ImageNet [19]
dataset. The architecture of the models was as follows:

• input layer with a resolution of 600× 600 pixels;

• data augmentation layer with random rotations (factor=0.25), random translations
(height factor=0.1, width factor=0.1), random flips, and random contrast (factor=0.1);

• baseline model: either EfficientNet-B7, or MobileNetV3Large. The weights of the
foundational model were initially frozen;

• GlobalAveragePooling2D layer;

• BatchNormalization layer with dropout (rate=0.2);

• Dense layer with a single neuron with a sigmoid activation function for binary classifi-
cation.

Training of EfficientNet-B7 was divided into two stages. First, the model was trained for
30 epochs with the weights of the foundational EfficientNet-B7 model frozen to preserve the
features learned during pretraining on ImageNet. Afterwards, the model was fine-tuned: the
top 20 layers were unfrozen, and the model was trained for additional 30 epochs. During
both stages, the Adam optimiser was set to a learning rate of 0.0001 with a decay rate of
0.0001.

Training of MobileNetV3Large began with 30 epochs with the weights of the foundational
model frozen; the Adam optimiser was used with a learning rate of 0.0001 and a decay rate
of 0.0001. After this initial phase, the fine-tuning involved unfreezing the last 15 layers and
reducing the learning rate to 0.00001 to prevent overfitting. The model was then trained
for additional 170 epochs with an early stopping callback, halting training if there was no
improvement in validation accuracy over 30 consecutive epochs.

Results

To test Hypothesis 1 and obtain baseline results for further performance comparison, both
models, EfficientNet-B7 and MobileNetV3Large, were first trained on the original dataset
of real-world OOC microscopy images without synthetic augmentation. The results of the
experiments are provided in Table 5.3. EfficientNet-B7 achieved an accuracy of 83%, while
MobileNetV3Large achieved an accuracy of 81%. Both results are better than the accuracy
of a putative ‘naive’ classifier, which is equivalent to the size of the largest class – 56%. The
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superior performance of EfficientNet-B7 compared to MobileNetV3Large can be attributed
to the larger model’s better ability to generalise.

Table 5.3: Classification results for the EfficientNet-B7 and MobileNetV3Large models
trained on the real-world images.

Model Precision Recall Accuracy

EfficientNet-B7 83 77 83
MobileNetV3Large 79 78 81

The results of experiments on the dataset augmented with synthetic images generated by
image-to-image translation are shown in Table 5.4. As can be seen, the highest accuracy
for EfficientNet-B7 was achieved by the model trained on the dataset augmented with 100%
of synthetic data, whereas the highest accuracy for MobileNetV3Large was with the model
trained on the dataset augmented with 25% of synthetic data.

Table 5.4: Classification results for the EfficientNet-B7 and MobileNetV3Large models
trained on the dataset augmented with synthetic data generated by image-to-image transla-
tion.

Model Dataset Precision Recall Accuracy

EfficientNet-B7

Real-world & 100% synth 82 84 85
Real-world & 75% synth 81 77 82
Real-world & 50% synth 84 77 83
Real-world & 25% synth 84 75 83
Baseline (real-world only) 83 77 83

MobileNetV3Large

Real-world & 100% synth 79 78 81
Real-world & 75% synth 78 79 81
Real-world & 50% synth 76 83 81
Real-world & 25% synth 80 79 82
Baseline (real-world only) 79 78 81

The results of experiments on the dataset augmented with synthetic images generated by
inpainting are shown in Table 5.5. The highest accuracy for EfficientNet-B7 was achieved
by the model trained on the dataset augmented with 100% of synthetic data, whereas the
highest accuracy for MobileNetV3Large was achieved by the models trained on the datasets
augmented with 100% and 75% of synthetic data.
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Table 5.5: Classification results for the EfficientNet-B7 and MobileNetV3Large models
trained on the dataset augmented with synthetic data generated by inpainting.

Model Dataset Precision Recall Accuracy

EfficientNet-B7

Real-world & 100% synth 84 79 84
Real-world & 75% synth 82 80 83
Real-world & 50% synth 88 68 82
Real-world & 25% synth 84 68 80
Baseline (real-world only) 83 77 83

MobileNetV3Large

Real-world & 100% synth 78 83 82
Real-world & 75% synth 79 80 82
Real-world & 50% synth 78 81 81
Real-world & 25% synth 80 75 80
Baseline (real-world only) 79 78 81

The results of the experiments on the dataset augmented with synthetic images generated
by interpolation are provided in Table 5.6. The highest accuracy for EfficientNet-B7 was
achieved by the model trained only on the real-world images, whereas the highest accuracy
for MobileNetV3Large was achieved by the model trained on the dataset augmented with
25% of synthetic data.

Table 5.6: Classification results for the EfficientNet-B7 and MobileNetV3Large models
trained on the dataset augmented with synthetic data generated by interpolation.

Model Dataset Precision Recall Accuracy

EfficientNet-B7

Real-world & 100% synth 87 66 80
Real-world & 75% synth 87 68 81
Real-world & 50% synth 85 67 80
Real-world & 25% synth 83 71 81
Baseline (real-world only) 83 77 83

MobileNetV3Large

Real-world & 100% synth 77 76 79
Real-world & 75% synth 75 81 79
Real-world & 50% synth 80 75 80
Real-world & 25% synth 80 79 82
Baseline (real-world only) 79 78 81

Finally, Table 5.7 summarises the results of experiments on the dataset augmented with
synthetic images generated after fine-tuning Stable Diffusion with LoRA. The results
indicate that augmentation with these synthetic images did not improve the accuracy of
EfficientNet-B7 or MobileNetV3Large, as none of the models trained on the augmented data
performed better than the baseline models.
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Table 5.7: Classification results for the EfficientNet-B7 and MobileNetV3Large models
trained on the dataset augmented with synthetic data generated after fine-tuning Stable
Diffusion with LoRA.

Model Dataset Precision Recall Accuracy

EfficientNet-B7

Real-world & 100% synth 86 70 82
Real-world & 75% synth 82 75 78
Real-world & 50% synth 82 79 83
Real-world & 25% synth 84 78 81
Baseline (real-world only) 83 77 83

MobileNetV3Large

Real-world & 100% synth 75 76 76
Real-world & 75% synth 78 78 77
Real-world & 50% synth 78 82 80
Real-world & 25% synth 77 84 80
Baseline (real-world only) 79 78 81

5.5 Concluding remarks

One of the main practical obstacles to the further advancement of the promising OOC tech-
nology is the need for round-the-clock monitoring of tissue samples growing on chips, which
is currently done by humans. The goal of the research reported in this chapter was to de-
velop a CNN-based image classifier for assessing the quality of such samples, which would
enable the automation of the monitoring in the future. To achieve this goal, I conducted
two experimental studies: one on the initial OOC microscopy image dataset consisting of
822 images that represented five cell lines and were labelled as ‘good’, ‘acceptable’, or ‘bad’,
and another on the final dataset consisting of 3 072 images that represented six cell lines and
were labelled as ‘good’ or ‘bad’. In both studies, the same two hypotheses were tested:

• Hypothesis 1: A CNN-based classifier achieves better accuracy on the real-world
microscopy OOC image dataset than a putative ‘naive’ classifier.

• Hypothesis 2: The classification accuracy on the real-world microscopy OOC image
dataset improves when a CNN-based classifier is trained on the dataset augmented
with synthetic data generated with the Stable Diffusion model rather than solely on
the real-world image dataset.

The first hypothesis was confirmed in both studies, in particular:

• In the first study, the EfficientNet-B7 model achieved an accuracy of 72.9%, whereas
the accuracy of the putative ‘naive’ classifier on the initial dataset was estimated at
60.8%;

• in the second study, the EfficientNet-B7 model achieved an accuracy of 83%, and the
MobileNetV3Large model achieved an accuracy of 81%, whereas the accuracy of the
putative ‘naive’ classifier on the final dataset was estimated at 56%.

These results demonstrate the efficiency of the use of the selected CNN models for OOC
image classification. The difference in results achieved by EfficientNet-B7 in the first study
(on the initial dataset) compared to the second study (on the final dataset) is likely due to
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two major factors: the increase in the size of the training dataset, and, perhaps even more
importantly, the shift from the more challenging three-class classification task to the simpler
binary classification task. Another noteworthy observation is that EfficientNet-B7 outper-
formed MobileNetV3Large on the final dataset, likely due to the higher learning capacity of
the larger network (66.7 vs 5.4 million parameters6). However, the gap between the accuracy
of the models is just 2%, which is substantially smaller than, e.g., the gap between the Top-1
accuracy of these models on the benchmark dataset ImageNet: 84.3% for EfficientNet-B7 vs
75.6% for MobileNetV3Large7. Therefore, for practical purposes, it may be more expedient
to use MobileNetV3Large, as its smaller size allows it to run in inference mode on a mobile
or edge device, which may be more suitable for a real-life OOC setup in lab conditions than
using a PC.

The second hypothesis was not confirmed in the first study, as augmenting the real-world
dataset with synthetic images led to a deterioration rather than an improvement in classifier
performance for both synthetic datasets, that is, for datasets with LoRA weight = 1.0 and
LoRA weight = 0.8. The negative impact of the synthetic data is particularly evident when
the model is trained solely on synthetic data, as these models exhibit the worst accuracy.
Remarkably, synthetic data generated with Stable Diffusion look similar to the original data
(see Figure 5.4) and the model trained solely on it converges very well during training.
However, due to the likely data distribution discrepancy between the real-world and synthetic
data, augmenting the former with the latter did not yield any benefits. In the second study,
the second hypothesis was confirmed for augmentation with synthetic data generated by
means of image-to-image translation and inpainting, but not for augmentation with synthetic
data generated using LoRA. In the case of synthetic data generated with interpolation,
a minor improvement on the augmented dataset was achieved with the MobileNetV3Large
model, but not with the EfficientNet-B7 model. These results indicate that the effectiveness of
augmenting real-world biomedical image datasets with synthetic data may vary substantially
depending on the specific method of data generation.

Finally, I would like to observe that similar to the study reported in Chapter 3, the
improvement observed in the performance of models that had benefited from training on
augmented datasets did not directly correlate with the amount of synthetic data used for
augmentation. For instance, in case of the image-to-image approach to the synthetic data
generation, the best-performing EfficientNet-B7 models were trained on the datasets aug-
mented with 50% and 25% of the available synthetic data, while the best-performing Mo-
bileNetV3Large model was trained on the dataset augmented with 25% of the available
synthetic data. For the inpainting approach, the best-performing EfficientNet-B7 model was
trained on the dataset augmented with all available (100%) synthetic data, whereas the Mo-
bileNetV3Large models that demonstrated the best accuracy were trained on the datasets
augmented with 100% and 75% of the available synthetic data. Therefore, consistent with
the conclusions of Chapter 3, I note that the relationship between the amount of the data
used for augmentation and the performance of the image understanding models trained on
the augmented datasets is far from straightforward.

6Cf. https://keras.io/api/applications/ and https://keras.io/api/applications/mobilenet/

#mobilenetv2-function; both accessed 2 September 2024.
7https://keras.io/api/applications/; accessed 2 September 2024.
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Conclusion

This PhD thesis was concerned with the application of computer vision methods to three
major image understanding tasks: image classification, object detection, and semantic seg-
mentation. Specifically, I used computer vision methods for solving the following real-world
problems:

• classification of hand-washing movements in a clinical setting to automate the moni-
toring of compliance of medical personnel with hand hygiene standards (Chapter 2);

• semantic segmentation of street views to enhance perception modules of self-driving
cars (Chapter 3);

• detection of plastic bottles that can be picked up by a robotic arm to automate the
production line in a manufacturing facility (Chapter 4);

• classification of microscopy images to automate the monitoring of the growth of organs-
on-a-chip (Chapter 5).

As I outlined it in my overview of highlights of computer vision in Chapter 1, both methods
and software tools in this field have developed tremendously since its emergence in the 1960s,
and as a result of that growth, computers nowadays even outperform humans on some visual
recognition tasks. However, since computers still do not understand visual environment in
such a natural way as we, humans, do, each particular image understanding task still has to
be solved on a case-by-case basis by choosing an appropriate approach, whether it be classical
computer vision methods or the deep learning paradigm, deciding upon which specific model
to use, finding a dataset or collecting and labelling it on one’s own, preprocessing the data,
and training and evaluating the model. When I followed these steps in the studies that laid
the foundation of this thesis, my work was substantially facilitated by prior theoretical and
practical advancements in the fields of computer vision and machine learning. In particular,
instead of having to hand-engineer features for my models, as it was customary in the era
of the predominance of classical methods, I adopted CNNs as a single approach for solving
various image understanding tasks, from image classification to object detection to seman-
tic segmentation. While the specifics of the model architectures varied, the fundamental
advantage of CNNs, their ability to automatically learn hierarchical feature representations
directly from data, motivated me to come up with the central premise that convolutional
neural networks can successfully solve the image understanding tasks considered in this thesis.
Rather than having to implement and train CNNs from zero, I had at my disposal publicly
available CNN models implemented in deep learning frameworks: TensorFlow, Keras, and
PyTorch. Moreover, the models were available not as bare architectures but with weights
pretrained on large general-purpose datasets such as ImageNet and MS COCO, enabling
transfer learning and fine-tuning the models on much smaller datasets that I was working
with. For some of the tasks, I also was able to utilise suitable publicly available datasets: the
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Cityscapes dataset was essential for my work on semantic segmentation of street views, while
the Kaggle dataset allowed me to establish a baseline for the assessment of performance of
CNN-based hand-washing movement classifiers. Furthermore, I leveraged open-source assets
for generating synthetic data that I could then use for augmenting real-world datasets: thus,
I generated street views with a high degree of photorealism, varying weather conditions, and
a high number of salient objects such as cars and pedestrians with the CARLA simulator,
and synthetic images of OOC cell tissue with complex textures using the Stable Diffusion
generative model.

However, despite the availability of assets for implementing and training CNNs, I still
had to overcome substantial challenges. One of these was the notoriously fluid8 state of
many state-of-the-art deep learning libraries: due to the very rapid pace and competitiveness
of deep learning research, many researchers prefer to publish new studies and release new
libraries rather than ensure the stability of the already released code and properly document
it. As a result, when working with cutting-edge libraries rather than with the more stable
mainstream deep learning frameworks per se, I often had to invest a lot of time in debugging
the code and looking for answers on various forums rather than in documentation, which
often was insufficiently detailed. Furthermore, since deep learning is an experimental field of
science, the efficiency of debugging and solutions suggested in non-published sources could
often be established only after conducting a time-consuming experiment with the model, and
many times, the outcome was that the debugging or a search for solution had to be continued.

Another, more fundamental challenge was that in general, decisions regarding the archi-
tecture and hyperparameters of deep learning models that have to be made when applying
CNNs to real-world problems remain largely heuristic. While many such choices are moti-
vated – for instance, since it is known that a larger model such as EfficientNet-B7 is likely
to generalise better than a smaller one such as EfficientNet-B0, one may choose the former
over the latter when classifying a complex dataset – many other choices do reside in a gray
area. Was unfreezing the top 20 layers of EfficientNet-B7 and the top 15 layers of Mo-
bileNetV3Large during the final training stage on the final OOC dataset (see Section 5.4.3)
the optimal approach, or would it be better to unfreeze fewer layers, or, just the opposite,
unfreeze the whole models!? What about having 128 neurons in the Dense layer of the base-
line models trained on the METC and PSKUS datasets: was that number just right, or too
small, or too high!? Could it be the case that arranging the same number of neurons in
several layers rather than a single one would lead to a better accuracy? This thesis does not
provide answers to these questions or a myriad of other possible similar questions, since, as
it is usually the case with the applications of deep learning to complex real-world datasets, a
comprehensive grid search for the best model parameters was not feasible due to the limited
computational resources, long training times of models, and high number of hyperparameters
and features of model architectures.

Finally, yet another major challenge was the issue of data acquisition and labelling. In
particular, since there were not any publicly available datasets with labelled recordings of
hand washing, it was necessary to collect and label such a dataset for developing a hand-
washing movement classifier, and since an OOC image classifier that I needed to develop was
supposed to process rather specific images generated with particular protocols on a particular
OOC setup used in the AImOOC project, it was necessary to collect and process a dataset
with such images as well. While I did not personally conduct data acquisition and labelling
for either dataset, I had to translate the requirements of the deep learning pipelines to the

8I am afraid that some more orthodox Computer Science researchers would actually use the word ‘sloppy’
here.
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experts – epidemiologists and biomedical researchers, respectively – and make sure that these
requirements were eventually met. Some of the main challenges of the data acquisition for the
work reported in this thesis were inter-annotator agreement (actually, often disagreement)
when labelling hand-washing videos and a rather small size of the initial OOC cell image
dataset. While the latter issue was largely resolved - first by employing cross-validation of
models on several folds, and then by collecting and utilising a larger dataset - the labelling
of the PSKUS dataset, the largest real-world dataset of hand-washing videos collected in
the studies reported in Chapter 2, can still be considered rather noisy. In particular, since
there was a ≈ 91% agreement between annotators as to which frames should be labelled
as is washing, and a further ≈ 90% agreement on the hand-washing movement code, it is
obvious that training and evaluating classifiers on such noisy data is very likely to affect their
performance negatively. In the retrospective, it appears to me that the data labelling process
should have been monitored more closely so that it would be possible to identify the problem
of a poor inter-annotator agreement earlier and mitigate it. Another possible solution was
be to use additional lightning and film videos with cameras with higher resolution.

Despite the challenges that I outlined above, I consider the results of the studies that laid
the foundation of this thesis to be rather successful, in particular:

• In the research on hand-washing movement classification, excellent results - an F1 score
of 96% - were achieved on the Kaggle dataset and satisfactory results - an F1 score of
64% - were achieved on the METC dataset. While any of the models failed to achieve
good performance on the most complex and noisy dataset, the PSKUS dataset, their
failure highlighted the important yet often neglected problem of the translation of
methodology from lab conditions to the complex real-world conditions. Furthermore,
despite noise in the labelling of the PSKUS dataset, both it and METC, another dataset
collected and published in open access in the course of research reported in Chapter 2,
are valuable assets for further studies on hand-washing movement classification.

• In the research on improving the accuracy of semantic segmentation of street views,
the mIoU of MobileNetV2 trained on the CCM-50 dataset (i.e., the dataset augmented
with 50% of available synthetic data) was higher by 12% than that of the same model
trained only on the real-world Cityscapes images, and the mIoU of Xception-65 trained
on the CCM-25 dataset (i.e., the dataset augmented with 25% of available synthetic
data) was higher by 7% than that that of the same model trained only on the real-world
Cityscapes images. While it was not possible to predict what amount of synthetic data
for augmentation would yield the best result, the fact that all models trained on the
augmented datasets outperformed their counterparts trained solely on the real-world
data demonstrated the usefulness of synthetic data for the enhancement of perceptual
modules of self-driving cars. Furthermore, it is worth noting that the synthetic data
was generated in a relatively simple and straightforward manner by running simulations
in the open-source CARLA simulator, which demonstrated that very useful synthetic
data do not have to be challenging to acquire.

• In the research on detecting graspable bottles, the state-of-the-art object detector
YOLOv5 demonstrated that it can efficiently – the best model achieved a mAP of
77.7% with a threshold of 0.5 – detect bottles with the visibility above a certain thresh-
old in a pile of similarly looking objects. This study also contributed to the topics of
the use of synthetic data for training models and enhancing the photorealism of syn-
thetic data, since the best-performing object detectors were trained on synthetic data
enhanced with the CycleGAN model.
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• In the research on OOC microscopy image classification, the best EfficientNet-B7 model
achieved an accuracy of 85%, while the best MobileNetV3Large model achieved an
accuracy of 82%. Since these best-performing models were trained on the dataset
augmented with 100% and 25% of the available synthetic data generated by image-to-
image translation with Stable Diffusion, these studies also contributed to the emerging
research of generating biomedical imagery for training DNNs with large generative
models.

As follows from the above recap, the results demonstrated that the goal of the thesis –
to provide efficient solutions for applied image understanding tasks – was achieved
for all tasks except the classification experiments on the PSKUS dataset. The
scientific novelty of the studies reported in the thesis is, inter alia, due to the fact that in
those studies, CNN models were successfully applied to the novel datasets: either real-world,
or synthetic, or both. The findings of the studies considered jointly also make me to propose
the following thesis statements for the defence:

• Thesis statement one: In applications of CNNs to real-world image under-
standing tasks, data availability and quality present greater challenges than
model selection and customisation.
This thesis statement is grounded in the studies that I presented in Chapters 2, 3, 4,
and 5. Additionally, it is supported by observations in the literature (see Section 1.4.1),
which highlight that while the AI community has heavily focused on model development
and improvement, making DNN models more accessible, the availability and quality of
data remain the primary enabling factors for effectively utilising DNNs.

• Thesis statement two: CNNs that perform well when trained and evaluated
on datasets acquired in laboratory conditions may struggle to achieve simi-
lar success when trained and evaluated on more complex real-world data.
This thesis statement is grounded in the research on hand-washing movement classifi-
cation that I reported in Chapter 2. A major finding of the cross-dataset study [176]
reported there was that CNNs that achieved high classification accuracy on the Kag-
gle dataset, which was acquired in simplified lab conditions, demonstrated substantially
lower accuracy on the more complex METC dataset and failed to generalise on the even
more challenging real-world PSKUS dataset9. There are compelling reasons to believe
that the scope of this observation extends beyond this particular study, especially given
the current focus in a substantial part of ML research on incremental improvements,
often at the expense of generalisability (see Section 1.4.1).

• Thesis statement three: While state-of-the-art CNN-based image classifiers
and object detectors with a larger number of parameters typically demon-
strate higher accuracy on benchmark datasets than their counterparts with
a smaller number of parameters, this accuracy gap narrows or even vanishes
when these models are trained and evaluated on smaller, more complex real-
world datasets.
This thesis statement is grounded in the results of experiments in Chapter 4, in which
I used the YOLOv5 object detector to detect graspable bottles, and in Chapter 5,

9Note that while the cross-dataset study I refer to here included experiments with training a model on
one dataset and evaluating it on another dataset – e.g., a model was trained on the Kaggle dataset and
evaluated on the METC dataset – my observation here is primarily about training and evaluating a model
on the same dataset.
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in which I used the EfficientNet-B7 and MobileNetV3Large models for classification
on the final dataset of OOC microscopy images. Experiments in Chapter 4 were con-
ducted with different sizes of the YOLOv5 architecture: Small (7.2 million parameters),
Medium (21.2 million parameters), and Extra Large (86.7 million parameters). When
the authors of these models benchmarked them on the MS COCO dataset, the accuracy
of the object detection matched their size: the Small model achieved an mAP of 56.8%,
the Medium - of 64.1%, and the Extra Large - of 68.9%10. However, when trained on
the best dataset for bin-picking task, Augmented noise 1024 × 768, the Small model
achieved an mAP of 77.7%, the Medium model - 75.3%, and the Extra Large model
- 76.1%. These results indicate that in these experiments, the advantage of larger
models vanished. As for experiments in Chapter 5, EfficientNet-B7 is substantially
larger than MobileNetV3Large – 66.7 vs 5.4 million parameters, which is also reflected
in the performance on the benchmarks dataset ImageNet: 84.3% for EfficientNet-B7
vs 75.6% for MobileNetV3Large11. However, that gap decreased to just 2% in favour
of EfficientNet-B7 when these models were trained and evaluated on the OOC image
dataset.

• Thesis statement four: While augmenting real-world datasets with photore-
alistic synthetic images is an efficient way to improve the accuracy of CNNs
trained on such data, increasing the amount of synthetic data does not di-
rectly correlate with improved accuracy on image understanding tasks.
This thesis statement is grounded in the research in Chapters 3 and 5. In Chapter 3, I
used various amounts of synthetic data – 25%, 50% and 100% of the available synthetic
images – for augmenting Cityscapes, the real-world dataset of street views, to im-
prove the accuracy of semantic segmentation. While the accuracy of the MobileNetV2
and Xception-65 models trained on augmented datasets improved compared to models
trained only on the real-world images, the accuracy improvement did not correlate with
the amount of synthetic data used for augmentation: the best-performing MobileNetV2
model was the one trained on the dataset augmented with 50% of synthetic data,
whereas the best-performing Xception-65 model was the one trained on the dataset
augmented with 25% of synthetic data. In Chapter 5, the most efficient approaches to
generating synthetic data for augmenting real-world OOC image datasets for training
the EfficientNet-B7 and MobileNetV3Large classifiers were image-to-image translation
and inpainting. For image-to-image translation, the best-performing EfficientNet-B7
model was trained on the dataset augmented with 100% of synthetic data, while the
best-performing MobileNetV3Large model was trained on the dataset augmented with
25% of synthetic data; for inpainting, the respective datasets were the ones augmented
with 100% of synthetic data and with 75 and 100% of synthetic data. These results
suggest that there is no straightforward correlation between the amount of the data
used for augmentation and the accuracy of a model trained on the augmented dataset.

While the results of the studies were published in six scholarly articles indexed in Elsevier
Scopus and/or Web of Science database (with at least two more publications forthcoming)
and two scholarly publications not indexed in these databases as well as presented at four
conferences, there is still ample room for further work. The primary objective for the near
future is to apply the insights and knowledge gained during the work on this thesis to solve

10https://github.com/ultralytics/yolov5. Accessed 15 September 2024.
11Cf. https://keras.io/api/applications/ and https://keras.io/api/applications/mobilenet/

#mobilenetv2-function. Both accessed 15 September 2024.
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image understanding tasks in other ongoing research projects. Thus, the object detection
approaches used in the study in Chapter 4 and the methods for generating synthetic data
with large generative models to augment real-world image dataset developed and validated
in the research reported in Chapter 5 are currently being applied and further improved in
the project Holographic microscopy- and artificial intelligence-based digital pathology for the
next generation of cytology in veterinary medicine – VetCyto to enhance the precision of
microscopy-based veterinary diagnostics. The major goal for the more distant yet, I believe,
still foreseeable future is to contribute to the development of models truly capable of image
understanding.
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