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Abstract

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

In the literature review in Chapter 1, I provide the background for the
experimental work presented in the rest of the thesis, establish that the
most promising type of deep neural architecture for image understanding
tasks is convolutional neural networks (CNNs), discuss challenges related
to the availability of data for training CNNs, and outline how transfer
learning and synthetic data can be leveraged to mitigate these challenges.

The practical part of the thesis focuses on the applications of CNNs
to real-world image understanding problems. In Chapter 2, I detail the
research on the use of CNNs for recognising hand-washing movements,
aiming to design a system to monitor hand hygiene. In Chapter 3, I
describe the use of CNNs for semantic segmentation of street views, which
is an essential task for navigation systems of self-driving cars. In Chapter
4, T describe the use of CNN-based object detectors for identifying plastic
bottles that can be picked up by a robotic arm. Finally, in Chapter 5,
I address the application of CNNs to the task of classifying microscopy
images with the goal of automating the monitoring of the growth of organs-
on-a-chip.

The goal of the thesis — to provide efficient solutions for applied im-
age understanding tasks — was achieved for all tasks except the classifi-
cation experiments on the PSKUS dataset, the most complex and noisy
dataset of hand-washing videos. Additionally, the findings that I report
in this thesis contributed to the better understanding of methodological
challenges in deep learning such as approaches to 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 carried
out. The results support the four thesis statements that I propose for the
defence.
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Introduction

The field of computer vision, which began to develop in the late 1960s, is a
vast and one of the most active research areas in computer science today, as
there are many possible applications for automated systems capable of un-
derstanding visual scenes. In this thesis, I am concerned with three types
of image understanding problems: image classification, image segmenta-
tion, and object detection. 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 particular,
I use computer vision methods to solve the following real-world image
understanding tasks:

e to classify hand-washing movements in clinical settings for monitor-
ing hand hygiene (Chapter 2);

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

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

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

In all studies presented in this thesis, I address image understanding
challenges by means of deep learning (DL), i.e., using deep neural networks
(DNN), which are currently regarded as the state-of-the-art for most com-
puter vision tasks. Given that DNNs have also been successfully applied in
many other artificial intelligence (AI) domains, addressing general method-
ological challenges in DL in this thesis — such as the 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 contribute
to the advancements in these domains 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 convolu-
tional neural networks (CNNs), a type of DNNs particularly suitable for
processing perceptual data, can successfully solve the image understanding
tasks considered in this work. The research objectives and hypothe-
ses depend on the specific task and therefore are defined in the chapters
of the thesis reporting respective studies. The research methods that
I use in this thesis are those commonly employed in AI and computer vi-
sion research: exploration and analysis of relevant literature, data cleaning
and preprocessing, synthetic data generation, design and implementation
of experiments involving DNNs, and analysis and validation of the results
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of experiments.
As a result of the work presented in this thesis, I propose the following
thesis statements for defence:

e Thesis statement one: In applications of CNNs to real-world im-
age understanding tasks, data availability and quality present greater
challenges than model selection and customisation.

e 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.

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

e 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
I and 5; thesis statement four — in Chapters 3 and 5.

Research findings reported in this thesis have been published in the fol-
lowing scholarly articles indexed in Elsevier Scopus or/and 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.

2. 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 Confer-
ence on Image Processing Theory, Tools and Applications (IPTA),
pp- 1-6, IEEE, 2022.

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



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 International Conference on Emerging
Technologies and Factory Automation (ETFA), pp. 1-7, IEEE, 2022.

5. M. Ivanovs, L. Leja, K. Zviedris, R. Rimsa, K. Narbute, V. Mov-
cana, F. Rumnieks, A. Strods, K. Gillois, G. Mozolevskis, A. Abols,
and R. Kadikis, “Synthetic image generation with a fine-tuned la-
tent diffusion model for organ on chip cell image classification,” in
2023 Signal Processing: Algorithms, Architectures, Arrangements,
and Applications (SPA), pp. 1-6, IEEE, 2023.

6. V. Movéana, A. Strods, K. Narbute, F. Rumnieks, R. Rimsa, G.
Mozolevskis, M. Ivanovs, R. Kadikis, K. Zviedris, L. Leja, A. Zu-
jeva, T. Laimina, and A. Abols, “Organ-On-A-Chip (OOC) Image
Dataset for Machine Learning and Tissue Model Evaluation,” Data,
vol. 9, no. 2:28, 2024.

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 learn-
ing,” arXiv:2011.11383, 2020.

2. 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.

I have presented research findings reported in this thesis at the following
conferences:

1. IEEE International Conference on Image Processing Theory, Tools
& Applications — IPTA 2022, Salzburg, Austria, 2022.

Presentation CNN for Hand Washing Movement Classification: What
Matters More — the Approach or the Dataset?

2. 27" IEEE International Conference on Emerging Technologies and
Factory Automation — EFTA 2022, Stuttgart, Germany, 2022.
Presentation Sim2Real Image Translation to Improve a Synthetic
Dataset for a Bin Picking Task.

3. SEMICON Europa 2022 Conference, Munich, Germany, 2022.
Presentation Synthetic Data for Robotics: Opportunities and Chal-
lenges.



4.

26" IEEE Signal Processing: Algorithms, Architectures, Arrange-
ments and Applications Conference — SPA 2023, Poznan, Poland,
2023.

Presentation Synthetic Image Generation With a Fine-Tuned Latent
Diffusion Model for Organ on Chip Cell Image Classification.

The research for this thesis was conducted and approbated at the In-
stitute of Electronics and Computer Science (EDI — Elektronikas un da-
torzinatypu instituts). The research was part of several scientific projects
at EDI and was financially supported by their funding. The following is
the list of these projects:

1.

Programmable Systems for Intelligence in Automobiles — PRYSTINE
(Horizon 2020 ECSEL Joint Undertaking funding under grant agree-
ment 783190).

. Efficient module for automatic detection of people and vehicles using

video surveillance cameras — VAPI (ERDF project No. 1.2.1.1/18/
A /006 research No. 1.5).

Automated hand washing quality control and hand washing quality
evaluation system with real-time feedback — Handwash (project No.
1zp-2020/2-0309).

Integration of reliable technologies for protection against Covid-19 in
healthcare and high risk areas — COV-CLEAN (project No. VPP-
COVID-2020/1-004).

Intelligent Motion Control under Industry 4.E — IMOCO/.E (Hori-
zon 2020 ECSEL Joint Undertaking funding under grant agreement
101007311).

AI-Improved Organ on Chip Cultivation for Personalised Medicine
- AImOOC

(contract with Central Finance and Contracting Agency of Repub-
lic of Latvia no. 1.1.1.1/21/A/079; the project was cofinanced by
REACT-EU funding for mitigating the consequences of the pandemic
crisis).

. Holographic microscopy- and artificial intelligence-based digital

pathology for the next generation of cytology in veterinary medicine
~ VetCyto (project No. 1zp-2023/1-0220).

The thesis consists of the introduction, five chapters, the conclusion,
and the list of references. The length of the thesis is 146 pages.



1. Background

In this thesis, I adopt the definition of computer vision given in [1]
as ‘the host of techniques to acquire, process, analyze, and understand
complex higher-dimensional [visual] data from our environment’. I differ-
entiate it from digital image processing, following the approach in [2] and
maintaining that digital image processing refers to low-level operations
on images such as image enhancement or colour processing, whereas the
broader term ‘computer vision’ also includes higher-level operations with
visual data.

As computer vision spans multiple disciplines and is concerned with
a wide range of research problems, I introduce a narrower term to refer
to the research problems that my work is primarily concerned with. For
that purpose, I use the term image understanding as defined in [3],
that is, as a suite of methods 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’. My
research that forms the foundation of the present thesis focuses on three
key image understanding tasks: image classification, object detection,
and image segmentation.

Image classification is essentially a labelling procedure [4]: a classi-
fier labels a given image I as belonging to a single class C;, which is an
element of the fixed set of considered classes C = {Cy,Cs,Cs,...,Cn}.

Object detection is a more complex task than image classification,
because an object detector needs to both assign each object in the image
a label C; € C and identify the positions of the objects. In other words,
while an image classifier aims to answer the question What object is there?,
an object detector needs to answer the question What objects are where?

Image segmentation aims at partitioning an input image into multi-
ple segments (i.e., continuous groups of pixels) in a meaningful way. 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 C; € C. Therefore, semantic segmentation is essentially a multiclass
classification at the pixel level; as it is performed for each pixel of an in-
put image, it is generally considered a more challenging task than image
classification [6].



1.1 Methods for solving image understanding tasks

Methods for solving image understanding tasks can broadly be divided
into two principal categories: classical methods, and DL-based methods.

The defining characteristic of classical methods for image under-
standing 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. While these methods are still sometimes used
nowadays, DNNs are usually preferred over classical approaches [7], since
they are more accurate and robust.

The rise in popularity of DL-based methods began in 2012, when
the CNN AlexNet [8] won the ILSVRC image classification competition [9].
In just a few years, image classification became dominated by DL-based
methods, and a similar shift occurred in object detection and semantic
segmentation. As a result, DL is currently a vast and very rapidly evolving
field of research in both academic and industrial domains, with a broad
range of architectures available. CNNs, the most popular architecture for
image understanding tasks, have revolutionised the use of artificial neural
networks (ANNs) in computer vision [10], and are also the primary tool
used in the research reported in this thesis. CNNs address the challenges of
utilising spatial patterns in images more efficiently than simpler DNNs such
as fully connected feedforward models; furthermore, the use of convolutions
makes network connectivity more sparse, thereby improving efficiency.

The range of available CNN architectures is very broad, from the
early pioneering LeNet [11] to the most recent state-of-the-art models.
In the research presented in this thesis, I used MobileNetV2 [12], Mo-
bileNetV3Large [13], and EfficientNet-B7 [14] for image classification, Xcep-
tion [15] and MobileNetV2 extended with a DeepLabv3 [16] segmentation
head for semantic segmentation, and YOLOv5 [17] for object detection.

1.2 Datasets for image understanding tasks

The availability of large datasets for training, evaluating, and benchmark-
ing models has been a major factor enabling the advancement of DL in
general [18, 19] and in image understanding tasks in particular. Open
access to these datasets has sparked competition to develop better mod-
els, democratised deep learning research and enabled researchers to work
on image understanding tasks even without the resources to acquire and
label data on their own. However, real-world applications often require
specialised datasets, which leads to several data-related challenges when
applying DL to real-world problems, such as collecting, curating, and la-
belling a sufficient amount of data and dealing with concept drift, that is,
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the change between the class distribution at the time of training vs the
current class distribution [20].

To mitigate the problems of data insufficiency and imbalance, one can
use the a number of approaches, particularly:

e transfer learning, which aims to improve the performance of a
model on a target domain by leveraging knowledge learned from
another domain — the source domain [21];

e fine-tuning, which involves unfreezing previously frozen layers of
the model and retraining them on the target dataset with a low
learning rate;

e data augmentation, that is, extracting additional information for
training a model from the original data by artificially inflating the
training dataset by warping images or oversampling them [22];

e using synthetic data, that is, training a model on artificially gen-
erated data that are similar to the target domain.
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2. Hand-Washing Movement Classification

Poor hand hygiene is a primary cause of the spread of multidrug-resistant
bacteria and infections in clinical settings [23]. Compliance with hand
hygiene recommendations reduces the prevalence of healthcare-associated
infections [24], making adhering to protocols crucial. The World Health
Organisation (WHO) provides widely adopted guidelines for hand washing
[25], which outline six key movements. However, research [26, 27, 28] indi-
cates that both the general public and medical professionals often neglect
these steps, increasing the risk of spreading infections.

Monitoring hand washing is essential for improving compliance with
the WHO guidelines and is traditionally done through direct observa-
tion [29, 30, 24]. Automated systems can offer continuous and more pre-
cise monitoring by capturing videos of hand-washing episodes, classifying
movements, providing feedback to users, and storing data for further anal-
ysis. A promising approach is to use smartphones or edge devices as cost-
efficient cores of such systems, making it easier to install monitoring sys-
tems in a hospital setting. In recent studies [31, 32, 33|, promising results
have been achieved with computer vision-based methods such as CNN-
based classifiers, yet it is not clear whether the high accuracy achieved
by such systems on lab-collected hand-washing datasets would translate
well into successful performance in real-world environments. To address
this uncertainty, the studies reported in this chapter involved experiments
on more complex, real-world datasets. The main hypothesis was that
lightweight CNNs, i.e., CNNs capable of running on mobile and edge de-
vices, can successfully, i.e., with the accuracy above that of a putative
‘naive’ classifier, classify hand-washing movements in a real-world hospital
setting.

2.1 Datasets

To address the lack of open access data for training ML-based hand-
washing classifiers, two datasets — PSKUS and METC — were collected
in a clinical setting and annotated.

2.1.1. PSKUS dataset

The PSKUS dataset was collected at Pauls Stradins Clinical University
Hospital, using a custom IoT system. Cameras were installed above sinks
in nine hospital locations, recording continuous hand-washing episodes.
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In some locations, there was more than one camera installed to make
recordings from different angles.

The labelling of the dataset was done by infectious disease experts and
volunteers. The annotators first labelled each frame to indicate whether
hand washing was present and subsequently to classify movements accord-
ing to the WHO guidelines. The dataset contains 3 185 videos with 6 690
annotations, covering over 83 000 seconds of footage. Seven hand-washing
movements were labelled per the WHO guidelines, along with the addi-
tional class 0 — ‘other movement’.

Most videos were labelled by multiple annotators, resulting in an inter-
annotator agreement of 91.23% on the presence of hand washing and
90.06% on movement classification when washing was detected.

2.1.2. METC dataset

The METC dataset was collected at the Medical Education Technology
Centre of Riga Stradins University as a part of a user feedback study [34]
involving 72 healthcare specialists. Data collection took place in a sin-
gle location. Each participant performed three hand-washing trials under
varying feedback conditions: no guidance, semi-guidance from a smart-
phone app, and full guidance from the same app.

Hand-washing sessions were recorded and labelled in real time by a
human operator. The dataset contains 212 videos with 212 annotations,
covering 13 870 seconds of footage.

2.2 Initial experiments on PSKUS and METC
datasets

In the initial experiments, I used MobileNetV2 CNN models. The first
experiment involved freezing the base model and training the added layers
— a fully connected layer with 128 neurons, and an output layer with
7 neurons — for 30 epochs. The model trained on the PSKUS dataset
achieved an F) score of 16.72%, while the model trained on the METC
dataset performed much better, achieving an F; score of 49.74%.

In the second experiment, I unfroze all the model layers and contin-
ued training for 30 additional epochs with a reduced learning rate. The
results for the PSKUS dataset showed no improvement, with an Fj score
of 15.52%, while the results for the METC dataset demonstrated a sub-
stantial improvement, with an F; score increasing to 63.89%.

The difference in performance between the datasets highlights the chal-
lenge of generalizing across locations and less consistent labelling provided
by multiple annotators in the PSKUS dataset. In contrast, experiments
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on the METC dataset, with its single annotator and more controlled en-
vironment, yielded better results.

2.3 Cross-dataset study of CNN performance

As CNN models in the initial experiments did not demonstrate as high
results on the hand-washing movement classification task as those reported
in the literature, my collaborators and I conducted a study to investigate
whether CNN architectures that perform well on simpler, smaller datasets
can generalize to larger, more complex ones. In addition to the PSKUS and
METC datasets, we used the publicly available part of the Kaggle hand-
washing dataset [35], which consists of 25 scripted hand-washing videos.
In our experiments, we maintained focus on lightweight classifiers such
as MobileNets, which do not require high-end hardware and therefore are
suitable for real-world hand-washing monitoring systems. Additionally,
we included multi-stream network architectures and recurrent elements,
commonly used in the literature.

2.3.1. Methodology

The baseline model used in the experiments had the same architecture as
the model used in the initial experiments. Two additional types of ar-
chitecture were tested to improve temporal recognition of hand-washing
movements. The first was a two-stream network, where one MobileNetV2
model processed RGB input, and the other processed optical flow to cap-
ture motion between frames. The second architecture was a recurrent CNN
consisting of five parallel MobileNetV2 models combined by a single Gated
Recurrent Unit (GRU; [36]) module with 256 neurons.

The baseline and recurrent models were used both with the configura-
tion described above and with two additional fully connected layers with
128 neurons in each, added before the output layer.

The models were trained for 20 epochs. We conducted experiments
both with retraining the whole model or only its top layers. Additional
transfer learning experiments were conducted for the overall duration of
10 epochs to assess model generalization, testing knowledge transfer from
simpler datasets to the more complex ones.

2.3.2. Results

The results of the main experiments (Fig. 2.1) showed that the baseline
single-frame model performed best on both Kaggle (96% F; score) and
METC (64% F;) datasets. Surprisingly, more complex models — the two-
stream network and recurrent CNN — demonstrated worse performance.
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On the PSKUS dataset, the best model (two-stream network with the
top retrained) achieved only a 21% Fy, indicating poor generalization to
complex real-world data.

Top Retraining
= Full Retraining

F1 Score (%)
F1 Score (%)
s
&
N
&
F1 Score (%)

21
20 201 17 g2 2 18

1
" 0 0
Baseline  Two-stream  Recurrent Baselne  Two-stream  Recurrent Baseline  Two-stream  Recurrent

(a) Kaggle (b) METC (c) PSKUS

Figure 2.1: F} scores of different CNN architectures.

Experiments with adding two fully connected layers (Fig. 2.2) to base-
line and recurrent models' revealed similar trends: the single-frame model
still performed best on Kaggle (96% F;) and METC (64% F}) datasets,
but improvements on the PSKUS dataset were minimal, with the best F}
score reaching only 25%.

Top Retraining
== Full Retraining
80+ 80 80
64
60+ S 60 57 3 60
49
401 40 40
33
25
201 20 0l 2 2
13
0 l

Baseline Recurrent Baseline Recurrent Baseline Recurrent

F1 Score (%)
F1 Score (%)
F1 Score (%)

a) Kaggle (b) METC (c) PSKUS

Figure 2.2: F} scores of different CNN architectures with two added fully
connected layers.

Finally, transfer learning experiments (Fig. 2.3) showed limited suc-
cess. The best-performing model, baseline Kaggle-to-METC, achieved 65%
Fy; on METC, but generalization to PSKUS remained poor, with a top F}
of just 27%. This suggests that knowledge learned on simpler datasets
does not transfer effectively to more complex real-world datasets, such as
PSKUS.

IAs the two-stream network did not show a major improvement over the two other

approaches in any experiment, we excluded this architecture from further experiments.
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Figure 2.3: F} scores of different CNN architectures: transfer learning.

Overall, models that performed well on the simpler Kaggle dataset
struggled with the more complex, real-world datasets — METC and espe-
cially PSKUS. Adding temporal information or extra layers did not im-
prove performance, and full retraining was only beneficial for single-frame
models. The findings of the study confirm the main hypothesis for all
experiments except those on the PSKUS dataset and highlight the im-
portance of considering dataset complexity when evaluating hand-washing
classification accuracy in real-world conditions.
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3. Semantic Segmentation of Street Views

The task of semantic segmentation of street views is essential for the design
of self-driving cars — a promising emerging technology and a lively area of
academic and industrial research. Similar to other visual domains, the best
results in semantic segmentation of street views have been achieved using
CNNs — for instance, models from the state-of-the-art DeepLab library [37].
However, since acquiring and annotating urban images for training CNNs
is costly and time-consuming, publicly available datasets of street views
labelled for segmentation, e.g., CamVid [38], KITTI [39], and Cityscapes
[40], tend to be relatively small.

The use of synthetic data can help address the data scarcity issue.
Prior work has demonstrated the utility of synthetic images acquired in
video games [41] and custom-made synthetic datasets of street scenes [42].
Arguably, a more accessible alternative is to use open-source driving simu-
lators such as TORCS [43] or CARLA [44]. However, the question remains
whether synthetic data generated with such tools are of sufficiently high
quality to be useful for training semantic segmentation models.

The goal of the research reported in the present chapter was to im-
prove the accuracy of semantic segmentation of street views by augment-
ing 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 CARLA, 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 segmen-
tation of street views.

3.1 Datasets

I used three datasets in my experiments: the real-world Cityscapes dataset,
the MICC-SRI dataset [45], and the CCM (Cityscapes-CARLA Mixed)
dataset, which I created for this study.

Cityscapes features 5 000 images with fine (pixel-level) annotation; the
resolution of images is 1024 x 2048 pixels, and they were taken in 50
different European cities. For my study, I created a custom dataset split
— 2 685 images for training, 290 for validation, and 500 for testing — since
the original test set is withheld from open access for benchmarking.

MICC-SRI consists of 11 913 synthetic images generated with CARLA
with a resolution of 600 x 800 pixels, and their segmentation masks. The
images have a low degree of photorealism.
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My custom-made CCM dataset consists of 2 685 Cityscapes images as
well as 46 935 synthetic images that I generated with CARLA. The reso-
lution of synthetic images is 1024 x 2048 pixels, matching the resolution of
Cityscapes images. To generate the data, I ran simulations on several maps
available in the then-latest stable release of CARLA (v0.9.12), populating
each map with 100 vehicles and 200 pedestrians.

3.2 Methodology

Prior to training CNNs, I preprocessed the data by relabelling semantic
segmentation masks and resizing images to ensure compatibility between
the datasets. Furthermore, I created several splits of the CCM dataset —
CCM-100, CCM-50, and CCM-25 — by augmenting real-world Cityscapes
data with a respective percentage of available synthetic data.

After data preprocessing, I conducted semantic segmentation experi-
ments using two CNN models from the DeepLabv3 library — MobileNetV2
and Xception-65. The models were trained using their default settings
in the DeepLabv3 library. I used only real-world Cityscapes images for
validation and testing the models.

For experiments on MICC-SRI and Cityscapes, the MobileNetV2 mod-
els were trained for 1200 epochs on each dataset, and the Xception-65 mod-
els were trained for 300 epochs on each dataset. For experiments on CCM
and Cityscapes, the MobileNetV2 and Xception-65 models were trained
for 200 epochs on Cityscapes and the CCM-100, CCM-50, and CCM-25
dataset splits. Training was conducted on the servers of Riga Technical
University (RTU) High Performance Computing (HPC) Center and took
~ 2900 hours of computing in total.

3.3 Results

I report the main results using the standard metrics for semantic segmen-
tation: per-class Intersection over Union (IoU) and mean Intersection over
Union (mIoU). Similar to other authors (cf. e.g. [40]), I report and in-
clude in the calculations only semantically meaningful classes, excluding
such classes as Other or None.

Results on Cityscapes and MICC-SRI datasets

The results of training MobileNetV2 and Xception-65 on Cityscapes and
MICC-SRI are summarised in Tables 3.1 and 3.2.
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Table 3.1: Comparison of the accuracy (IoU) of semantic segmentation: Mo-
bileNetV2 trained on Cityscapes vs. MobileNetV2 trained on Cityscapes aug-
mented with MICC-SRI.

Class Cityscapes Cityscapes & 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 3.2: Comparison of the accuracy (IoU) of semantic segmentation:
Xception-65 trained on Cityscapes vs. Xception-65 trained on Cityscapes aug-
mented with MICC-SRI.

Class Cityscapes Cityscapes & 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

As can be seen, the augmentation of Cityscapes with MICC-SRI images
did not improve the accuracy of semantic segmentation: in fact, both Mo-
bileNetV2 and Xception-65 models performed slightly better when trained
only on real-world images than on the augmented dataset. The likely
explanation for the worse performance of the models trained on the aug-
mented dataset is the low photorealism of images in the MICC-SRI dataset.

Results on Cityscapes and CCM datasets

The results of training MobileNetV2 and Xception-65 on Cityscapes and
the three splits of CCM — CCM-100, CCM-50, and CCM-25 — are reported
in Tables 3.3 and 3.4. As can be seen, for both CNN architectures, aug-
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mentation with synthetic data improved semantic segmentation accuracy,
thus confirming the main hypothesis.

Table 3.3: Comparison of the accuracy (IoU) of semantic segmentation: Mo-
bileNetV2 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 69.23 67.94 68.92 69.38
& Rider

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 0.00 35.42 34.10 25.30
Sign

Sky 82.80 85.32 85.83 85.85
Traffic 0.00 21.32 15.38 00.13
light

Water & 33.61 37.50 38.73 38.20
Terrain

Mean IoU 44.68 55.49 56.05 52.67

Table 3.4: 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 78.08 76.42 76.94 77.92
& Rider

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 44.42 50.89 55.83 56.14
Sign

Sky 85.13 88.79 89.70 90.34
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Table 3./ - continued

Traffic 0.00 43.64 42.19 44.13
Light

Water & 46.86 39.58 35.62 44.22
Terrain

Mean IoU 57.25 63.14 63.87 64.46

Note that the best-performing MobileNetV2 and Xception-65 models
were not the ones trained on the CCM splits with the largest amounts of
synthetic data: the best-performing MobileNetV2 was trained on CCM-50,
while the best-performing Xception-65 was trained on CCM-25. This sug-
gests that using larger amounts of synthetic data for augmentation does
not necessarily lead to better performance than augmentation with smaller
amounts of such data. Furthermore, this research 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 modification to the out-of-the-
box installation.
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4. Object Detection for a Bin-Picking Task

Single-stage object detectors such as YOLO [46] are often deployed in
industrial robotic systems for object grasping, because they offer both
high accuracy of object detection and fast inference speed. However, large
datasets are needed for training such models. A promising solution to
the problem of the availability of data for the development of perceptual
systems in robotics is the use of simulations and synthetic data. However,
models trained solely on synthetic data often suffer from performance drops
when applied to real-world tasks due to the ‘reality gap’ [47] between
artificial and real-world domains. To improve the realism of synthetic data,
one can use domain adaptation techniques such as generative adversarial
networks (GANs; [48]).

The main goal of the study reported in this chapter was to improve
the accuracy of detecting high-visibility (i.e., those on the top of the pile)
plastic bottles with YOLOv5 object detector [17] to enable the robotic
arm to better grasp them. The main hypothesis of the study was that
enhancing the photorealism of synthetic images of plastic bottles with
GANSs before training YOLOv5 on them would result in higher object
detection accuracy than using unmodified synthetic images for training.

4.1 Datasets

A number of datasets were used in the study, namely, a real-world bot-
tle image dataset, a synthetic bottle image dataset, and several datasets
created by enhancing the synthetic dataset with GANs.

The real-world dataset was acquired in [49] by randomly placing bottles
in a plastic container and capturing images with varying bottle positions,
camera exposure times, and lighting conditions. The dataset includes 2 060
manually labelled images, 1 760 of which were used for training GANs,
while 300 were reserved for testing object detectors.

The synthetic dataset was generated in [49] using the Blender physics
simulation engine. It contains 8 800 high-resolution images of bottles ran-
domly dropped into a simulated box, with variations in lighting intensity
and viewing angles. Bottles with more than 60% visibility were considered
graspable.

To create datasets with enhanced photorealism, CycleGAN [50] was
used, since it does not require paired real and synthetic images, which
simplifies the process. A number of datasets were created by trying differ-
ent approaches, particularly:

e Baseline CycleGAN — by using CycleGAN with default parameters;
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o Augmented CycleGAN — by cropping the centre of the image and
adding data preprocessing functions such as random contrast, bright-
ness, hue, and saturation to reduce overfitting;

o Augmented noise CycleGAN — by adding Gaussian noise to the input
to the discriminator to make it more difficult for the discriminator
to evaluate images and thus allowing the generator to train longer;

e Resized convolution CycleGAN — by replacing the transposed convo-
lution [51] operations in the GAN decoder with resizing followed by
convolution to remove checkerboard artifacts [52];

e Resized transpose CycleGAN — by applying resized convolution on
all layers except the last one, where the transposed convolution was
retained. That was done to remove the blur that appeared in the
Resized convolution CycleGAN dataset images.

After evaluating GAN-enhanced datasets by means of both visual inspec-
tion and calculating the Frechet Inception Distance (FID) scores [53], Aug-
mented noise CycleGAN and Resized transpose CycleGAN datasets were
chosen for object detection experiments. These datasets were used with a
resolution of 1024 x 768 pixels, as images with such resolution were found
to have a better FID score than images with the smaller resolution of
256 x 256 pixels used originally.

4.2 Methodology

I conducted object detection experiments using YOLOv5 from the Ultr-
alytics library. The experiments were performed on three datasets: the
original synthetic images, the Augmented noise CycleGAN 1024 x 768
dataset, and the Resized transpose CycleGAN 1024 x 768 dataset. I
used YOLOv5 models of three different sizes — Small (7.2M parameters),
Medium (21.2M parameters), and Extra Large (86.7M parameters). The
models were trained for 300 epochs and subsequently tested on a set of
300 real-world images.

4.3 Results

I report the results of the object detection experiments in Table 4.1, using
standard metrics: precision, recall, and mean average precision (mAP) for
bounding boxes. mAP was calculated for an IoU threshold of 0.5 as well
as averaged across IoU thresholds from 0.5 to 0.95 in steps of 0.05.

23



Table 4.1: Results of the object detection experiments with YOLOv5 on the
original synthetic data and synthetic data enhanced with CycleGAN.

mAP
(avg for
mAP IoU €
Model Dataset Precision Recall (threshold 0.5 :
0.5) 0.05 :
0.95])
Original synthetic 68.9 89.4 74.2 44.7
YOLOvV5  Resized transpose
Small 1024 x 768 61.5 83.8 63.2 24.5
Augmented noise
1024 x 768 73.1 90.5 7.7 48.0
Original synthetic 69.3 80.2 72.0 42.0
YOLOvV5  Resized transpose
Medium 1024 x 768 58.1 78.2 58.9 20.4
Augmented noise
1024 x 768 71.2 91.0 75.3 45.5
Original synthetic 71.8 78.5 75.0 41.3
YOLOVS Resized transpose
Extra 1024 x 768 68.3 86.7 71.5 33.9
Large
Augmented noise g 87.2 76.1 46.1

1024 x 768

While the models trained on the Resized transpose 1024 x 768 Cycle-
GAN dataset generally performed worse than the models trained on the
original synthetic data, models trained on the Augmented noise 1024 x 768
CycleGAN dataset consistently outperformed the models trained on the
original synthetic data across all metrics, thus confirming the main hy-
pothesis. Note that larger models did not always outperform smaller
ones, which suggests that the larger models may have overfitted to the
relatively small training datasets.
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5. Image Classification for Monitoring the
Growth of Organs-on-a-Chip

OOC is a promising biomedical technology that combines tissue engineer-
ing and microfluidics to imitate key aspects of human physiology, with the
aim of recreating the environment of particular human organs in wvitro.
Currently, monitoring of OOC setups is done by humans, but it would be
helpful to automate this process. As one of the key aspects of monitor-
ing is assessing the quality of OOC cell samples, the goal of the research
reported in this chapter was to develop a classifier for OOC microscopy
images. Taking into account the success of CNNs in many biomedical tasks
[54, 55, 56], T used the EfficientNet-B7 and MobileNetV3Large CNNs for
this purpose and proposed the following hypothesis:

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

The major challenge for the development of DNN-based biomedical
image classifiers is the availability of data, because biomedical datasets are
often small and imbalanced. A promising solution to this problem is the
use of synthetic data. In the research reported in this chapter, I generated
synthetic data with Stable Diffusion [57], a latent diffusion model that
has demonstrated impressive capabilities for creating different types of
imagery. The hypothesis for the experiments with synthetic images was
as follows:

Hypothesis 2: The classification accuracy on the real-world mi-
croscopy 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.

5.1 Experiments on the initial OOC image dataset

5.1.1. Data and methodology

The initial OOC image dataset consisted of 822 images of cells belonging
to different cell lines: Caco-2 and HUVEC modelling the gut, A549 and
HPMEC modelling lung cancer, and HSAEC modelling the lung. The
ground truth labelling of images was done by experienced cell biologists;
as a result, based on cell morphology and density, images were labelled
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into three classes: ‘good’ (500 images), ‘acceptable’ (212 images), and
‘bad’ (110 images).

To augment the initial OOC image dataset, I fine-tuned Stable Dif-
fusion using the low-rank adaptation (LoRA; [58]), an efficient method
requiring just several dozen images, and generated two synthetic datasets,
with LoRA weights set to 1.0 and 0.8, respectively.

In the initial experiments, I used the EfficientNet-B7 CNN model. Dur-
ing training, the weights of the base model were frozen, whereas two added
layers — the Batch Normalisation layer and the output layer with 3 neu-
rons — were trained for 30 epochs.

5.1.2. Results

The results of the experiments on the initial dataset are shown in Table
5.1.

Table 5.1: The accuracy of EfficientNet-B7 trained on the initial dataset aug-
mented with synthetic data generated with the Stable Diffusion model fine-tuned
with LoRA.

Dataset LoRA weight 1.0 LoRA weight 0.8
Synth only (100%) 61.4 62.1

Real & 100% synth 69.9 70.1

Real & 75% synth 69.6 70.7

Real & 50% synth 71.0 69.3

Real & 25% synth 70.7 70.4

Real & 10% synth 72.1 71.8
Baseline (real only) 72.9

The baseline model achieved an accuracy of 72.9%, better than a pu-
tative ‘naive’ classifier (60.8%). However, augmenting the dataset with
synthetic images caused a drop in accuracy, with larger amounts of syn-
thetic data leading to poorer performance.

5.2 Experiments on the final OOC image dataset

5.2.1. Data and methodology

The final dataset of OOC images [59] consists of 3 072 images, incorporat-
ing the initial dataset. It also features two major differences: first, based
on the recommendation of the biology experts, the three-class labelling was
replaced by a more straightforward binary classification: ‘good’ and ‘bad’;
second, it includes an additional cell line - NHBE bronchial epithelial cells.
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The distribution of the images by classes is as follows: ‘good’ — 1 727
images, ‘bad’ — 1345 images.

To augment the final OOC image dataset with synthetic data, several
methods were employed, namely:

e image-to-image translation, which implies 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;

e inpainting with masks, which involves selectively modifying an
input image by applying a mask to designate which parts of the
image should be altered;

e image interpolation, creating an intermediate image between two
input images;

e fine-tuning with LoRA.

Classification experiments were conducted with EfficientNet-B7 and
MobileNetV3Large. Training EfficientNet-B7 training involved two stages:
first, the model was trained for 30 epochs with the weights of the base
model frozen; second, the top 20 layers were fine-tuned for additional 30
epochs. Training MobileNetV3Large followed a similar approach, with the
difference being that during the second stage, the top 15 rather than 20
layers were fine-tuned.

5.2.2. Results

The results of the experiments on the final dataset are provided in Ta-
ble 5.2. After training on the real-world dataset without synthetic aug-
mentation, EfficientNet-B7 achieved an accuracy of 83%, whereas Mo-
bileNetV3Large 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%; therefore, experiments confirmed Hypothesis
1.

The results of experiments involving augmentation with synthetic im-
ages demonstrated that augmentation with the data generated with image-
to-image translation can improve the accuracy of EfficientNet-B7 up to
85% (i.e., by 2%), whereas in case of MobileNetV3Large, several methods
— image-to-image translation, inpainting with masks, and interpolation —
can improve the accuracy of that model up to 82% (i.e., by 1%). Therefore,
experiments confirmed Hypothesis 2.
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Table 5.2: The accuracy of EfficientNet-B7 and MobileNetV3Large trained on
the final dataset dataset augmented with synthetic data generated by image-
to-image translation (img2img), inpaiting with masks (inpaint), interpolation
(interpol), and the Stable Diffusion model fine-tuned with LoRA.

Model Dataset img2img inpaint interpol LoRA
Real & 100% synth 85 84 80 82
Real & 75% synth 82 83 81 78

EffNet-B7 Real & 50% synth 83 82 80 83
Real & 25% synth 83 80 81 81
Baseline (real only) 83
Real & 100% synth 81 82 79 76
Real & 75% synth 81 82 79 7

MobNetV3L Real & 50% synth 81 81 80 80
Real & 25% synth 82 80 82 80
Baseline (real only) 81
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Conclusion

This PhD thesis was focused on the applications of computer vision meth-
ods to three major image understanding tasks: image classification, object
detection, and semantic segmentation. Specifically, I used computer vision
methods for solving the following real-world problems:

e classification of hand-washing movements in a clinical setting to au-
tomate the monitoring of compliance by medical personnel with hand
hygiene standards (Chapter 2);

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

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

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

I adopted CNNs for these tasks, leveraging models pretrained on large
datasets such as ImageNet [60] and MS COCO [61] and making use of
transfer learning and fine-tuning to adapt them to much smaller datasets
that I was working with. For some of the tasks, I was also able to utilise
suitable publicly available datasets: the Cityscapes dataset was essential
for my work on improving 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. Further-
more, I leveraged open-source assets such as CARLA and Stable Diffusion
for generating synthetic data, which I could then use for augmenting real-
world datasets. However, data acquisition and labelling was still one of the
major challenges, particularly when working on hand-washing movement
recognition task, as there were no publicly available datasets for that task
of sufficient size, and when working on designing an OOC image classifier,
as the amount of available data was rather small.

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:

e In the research on hand-washing movement classification, excellent
results — an Fj score of 96% — were achieved on the Kaggle dataset
and satisfactory results — an Fj score of 64% - were achieved on
the METC dataset. While none of the models achieved good per-
formance on the complex and noisy PSKUS dataset, the dataset
in question is a valuable asset for further studies on hand-washing
movement classification.
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e In the research on improving the accuracy of semantic segmentation
of street views, augmentation of Cityscapes with CARLA-generated
data resulted in higher accuracy of the MobileNetV2 and Xception
models than the accuracy of the models trained only on Cityscapes.

e 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 — de-
tect bottles with the visibility above a certain threshold in a pile of
similarly looking objects.

e 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
images generated with Stable Diffusion, this study also contributed
to the emerging research of generating biomedical imagery with large
generative models for training DNNs.

These results demonstrate 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 thesis lies in providing effective solutions
for novel datasets, where no prior solutions existed, as well as offering
improved methods for already explored datasets, leveraging CNNs on both
real-world and synthetic data.

The results of the studies presented in this thesis have been published
in six scholarly articles (with at least two more publications forthcoming)
indexed in Elsevier Scopus and/or Web of Science database and two schol-
arly publications not indexed in these databases as well as presented at
four conferences. However, 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 image understanding tasks
in other ongoing research projects. The major goal for the more distant
vet, I believe, still foreseeable future is to contribute to the development
of models truly capable of image understanding.
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