=
N7
s o
40

NATIONAL TECHNICAL UNIVERSITY OF ATHENS

ScHOOL OF ELECTRICAL AND COMPUTER ENGINEERING

7.)
5
Bl

“DATA SCIENCE AND MACHINE LEARNING”

WA
3

I d
B\ \
] s
7 NPOMHOEVS . ?
1§qk!?<poroi

Zero-Shot Capabilities of Advanced Image

Segmentation Models

Pushing SAM and CLIP to their limits

DipLoMA THESIS

of

CHARALAMPOS D. KASTORIS

Supervisor: Athanasios Voulodimos

Assistant Professor

Athens, May 2024







NATIONAL TECHNICAL UNIVERSITY OF ATHENS

ScHooL OF ELECTRICAL AND COMPUTER ENGINEERING

“DATA SCIENCE AND MACHINE LEARNING”

Zero-Shot Capabilities of Advanced Image

Segmentation Models

Pushing SAM and CLIP to their limits

DipLoMA THESIS
of

CHARALAMPOS D. KASTORIS

Supervisor: Athanasios Voulodimos

Assistant Professor

Approved by the examination committee on June 2024 .

(Signature) (Signature) (Signature)

Athanasios Voulodimos Georgios Stamou  Andreas-Georgios Stafilopatis

Assistant Professor Professor Professor

Athens, May 2024






NATIONAL TECHNICAL UNIVERSITY OF ATHENS

ScHooL OF ELECTRICAL AND COMPUTER ENGINEERING

“DATA SCIENCE AND MACHINE LEARNING”

Copyright © - All rights reserved.
Charalampos D. Kastoris, 2024.

The copying, storage and distribution of this diploma thesis, exall or part of it, is prohibited
for commercial purposes. Reprinting, storage and distribution for non - profit, educational
or of a research nature is allowed, provided that the source is indicated and that this

message is retained.

The content of this thesis does not necessarily reflect the views of the Department, the

Supervisor, or the committee that approved it.

DISCLAIMER ON ACADEMIC ETHICS AND INTELLECTUAL PROPERTY RIGHTS

Being fully aware of the implications of copyright laws, I expressly state that this diploma
thesis, as well as the electronic files and source codes developed or modified in the course
of this thesis, are solely the product of my personal work and do not infringe any rights of
intellectual property, personality and personal data of third parties, do not contain work
/ contributions of third parties for which the permission of the authors / beneficiaries is
required and are not a product of partial or complete plagiarism, while the sources used
are limited to the bibliographic references only and meet the rules of scientific citing. The
points where I have used ideas, text, files and / or sources of other authors are clearly
mentioned in the text with the appropriate citation and the relevant complete reference
is included in the bibliographic references section. I fully, individually and personally
undertake all legal and administrative consequences that may arise in the event that it is
proven, in the course of time, that this thesis or part of it does not belong to me because

it is a product of plagiarism.

(Signature)

Charalampos D. Kastoris

May 2024






to Biana






Acknowledgements

First and foremost, I would like to express my deepest gratitude to my parents. Your
unwavering support, encouragement, and belief in me have been the foundation upon
which I have built my academic and personal achievements. Your sacrifices and guidance
have been invaluable, and I am forever grateful for your love and dedication.

I would also like to extend my sincere thanks to P. Tzouveli and P. Theofilou. Your
expertise, help, and mentorship have profoundly shaped this thesis.

Lastly, to my girlfriend, thank you for your constant support, understanding, and
patience. Your love and encouragement have been a source of strength and motivation
throughout this challenging process. Your presence has made this journey more man-
ageable and meaningful.

To all of you, I extend my heartfelt thanks for your unwavering support and encour-

agement. This thesis would not have been possible without you.

Athens, May 2024

Charalampos D. Kastoris

Diploma Thesis B






Table of Contents

Acknowledgements

1 Introduction
1.1 Structureofthethesis. . . . . . . . . . . . . . . . .. e

2 Ewayoyn
2.1 Aopr) ING €PYACTIAS . .« .« . . o i e e e e e e e e e e e e e e

3 Movtéda rat ZUvoda Acdopévav
3.1 MOVIEAQ . . . .« o o i e e e e e e e e e e
3.1.1 SAM . . . . e e e e e e e e e e e e e
3.1.2 PA-SAM . . . . e e e e e e e e e e e e e
3.1.3 MedSAM . . . . . . . . i e e e e e e
3.1.4 CLIP . . . . . ot e e e e e e e e e e e e e e e e e e e
3.1.5 CLIPSEZ . . . . .« o o i i i i e e e e e
3.2 ZUVoAd AEBOPEVRV . . . . v i i e e e e e e e e e e e e e e e e e e e
3.2.1 COVID-QU-EX . . . . . . . i e
3.2.2 Electron MICroscopy . . . . . . « « v v v v v vt v i e
3.2.3 CityScapes . . . . . . . . o e e e e

3.2.4 Corsican Fires . . . . . . . . . . . ... ...

4 IIsipapata Rat AnoteAéopata
4.1 XZuvoldo d6edopévav City Scapes . . . . . . . L. e e e e e e
4.1.1 SAM . .. e e e
4.1.2 CLIPSEZ . . .« v vt i e e e e e e e e
4.1.3 ZXOAA . . . v o e e e e e e e e e e e e e e
4.2 Xuvoldo 6ebopévev Corsican Fires . . . . . . . . oL oo o L
4.2.1 SAM . ..o e e e e e e
4.2.2 CLIPSEZ . . . v v vt e e e e e e e e e e
4.2.3 ZXOAA . . v v v e e e e e e e e e e e e e e e e e e
4.3 XZuvoldo d6edopévav Electron Microscopy . . . . . ... L0000 o oo oL
4.3.1 SAM . . .o e e e e e e e
4.3.2 CLIPSEZ . . . . v v i it e e
4.3.3 ZXOAA . . v e e e e e e e e e e e e e e e
4.4 XYuvodo 6ebopévaov COVID-QU-EX . . . . . . . . . o o e e e e e e
4.4.1 SAM . .. e

Diploma Thesis

15
15

17
17

19
19
19
19
20
20
21
21
21
22
22
23



TABLE OF CONTENTS

4.4.2
443
4.4.4
445

5 Sumpe “smata kai mellontik doulei”

5.1 Sumpe “smata
SAM . ...
CLIPSeg . . ... ... ... .....

51.1
51.2

PASSAM . . . . ..o

MedSAM . . .. .. ...

CLIPSeg . ... ... ... .....
Sqilia . ... ... ... L.

5.2 Mellontik Doulei”

5.2.1
5.2.2

SAM . ...
CLIPSeg . .. ... ... .......

6 Theoretical Background

6.1 Image Segmentation
6.1.1 Semantic Segmentation
6.1.2 Instance Segmentation
6.1.3 Panoptic Segmentation

6.2 Zeroeshot learning

6.3 Prompt engineering

6.4 Embeddings
6.5 Sigmoid function
6.6 Transformers

6.6.1

6.6.2 SelfsSupervised PresTraining
6.6.3 Large Data Requirements

7 State of the art models and Methodology
7.1 Segment Anything Model (SAM)

7.11
7.1.2
7.1.3
7.1.4
7.1.5
7.1.6

7.2 Contrastive Languageslmage Preetraining (CLIP)

7.2.1
7.2.2
7.2.3
7.2.4
7.2.5
7.2.6
7.2.7
7.2.8

SelfeAttention

Architecture . . . . ... ...
Ambiguityeaware Model
Segment Anything Data Engine
Segment Anything Dataset
SAM's Automatic Mask Generator
Limitations . . . . ... ... ... ..

The use of natural language

CLIP Dataset
Data Overlap

Contrastive learning
Prestraining . . . . . ... ... ...
Architecture . . . . . ... ... ..
CLIP's Prompt Engineering
Limitations . . . . . .. ... ... ..

Diploma Thesis



TABLE OF CONTENTS

7.3 CLIPSeg Model . . . . . . . . 61
7.3.1 Architecture . . . . . .. 62
7.3.2 Featureewise Linear Modulation (FILM) . . . . . .. .. ... .. ... 63
7.3.3 PhraseCut Dataset . . . . . . . . . . . . . 64

7.4 PASSAM . . . L e 65
7.4.1 Motivation . . . . . . . 65
7.4.2 Method . . . . . . . .. 65
7.4.3 Prompt Adapter (PA) . . . . . . . . 67

7.5 MedSAM . . . . e 68
7.5.1 Motivationand Dataused . . . . . ... ... ... 69
7.5.2 Architecture . . . . . . .. 70
7.5.3 Training ProCesS . . . . . .« . v v e e e 71

7.6 Methodology . . . . . . . . . . 72
7.6.1 Training Loop . . . . . . . . . e e e 72
7.6.2 Evaluation Metrics . . . . . . . ..o 72
7.6.3 Kaggle's Computational Environment . . . . . . . ... ... ... .. 73

8 Datasets

8.1 COVID.QUeEx Dataset . . . . . . . . . . . . . e 75

8.2 Electron Microscopy Dataset . . . . . . . . ... ... L. 76

8.3 CityScapes Dataset . . . . . . . . . . . . . ... 76

8.4 Corsican Fire Database . . . . . . . . . . . . . 78

9 Experiments and Results 81

9.1 CityScapes Dataset . . . . . . . . . . . . ... 81
9.1.1 SAM . . L e e e e 81
9.1.2 CLIPSEg . . . .« o e 81
9.1.3 Comments . . . . .. e 82

9.2 Corsican Fire Dataset . . . . . . . . . . . .. 85
9.2.1 SAM . . . e e 85
9.2.2 CLIPSEg . . . . . 88
9.23 Comments . . . . ... e e e 90

9.3 Electron Microscopy Dataset . . . . . . . . . . ... ... ... . ... 91
9.3.1 SAM . . . e 91
9.32 CLIPSEg . . . . . o 96
9.3.3 Comments . . . ... e 100

9.4 COVIDeQUeEx Dataset . . . . . . . . . . v i i it 101
9.4.1 SAM . . L e e e e 101
9.4.2 PASSAM . . . e e e e e e 106
9.4.3 MedSAM . . . . . . e 109
9.4.4 CLIPSEg . . . . . e 111
9.45 Comments . . . . ... e 114

Diploma Thesis

75



TABLE OF CONTENTS

10 Conclusions and Future Work

117
10.1CoNclusions . . . . . ... e e e e 117
10.1.1SAM . o o e e 117
10.1.2CLIPSEQ . . . . v o e e 118
10.2Future Work . . . . . . . e e 118
10.2.1SAM . o L s 118
10.2.2CLIPSEQ . . . . o o o e e 119
Bibliography 123
List of Abbreviations 125

Diploma Thesis



List of Figures

6.1

6.2

6.3

6.4

6.5

6.6

6.7
6.8

7.1
7.2

7.3

7.4

7.5
7.6

7.7

A typical semantic segmentation pipeline. For every single image, patches
of the image called windows are extracted and those windows are classi ed.
The resulting semantic segmentation can thenberened. [1] . . . . . . . .
A visualization of the di erence between Semantic (left) and instance (right)
segmentation. [2] . . . . . ...
A visualization of the di erent types of segmentation. Panoptic Segmentas
tion Combines the perepixel class labels of Semantic Segmentation with the
pereobject mask and class labels of Semantic Segmentation. [3] . . . . ..
zeroeshot learning example. [4] . . . . . . . . L Lo Lo
A visual representation of how prompts can be used to improve a model's
FEasoNiNg. . . . .« o v i e e e
A graph of a sigmoid function. . . . . . . . ... ... L
The transformer model architecture. [5] . . . . . . . . . . . .. ... ....
An example selfeattention block. Given the input sequence of image feae
tures, the triplet of (key, query, value) is calculated followed by attention
calculation and applying it to resweight the values. A single head is shown
here.[5] . . . . .
An overview of Segment Anything Model's architecture.[6]. . . . . . . . ..
Details of the lightweight mask decoder. A twoelayer decoder updates both
the image embedding and prompt tokens via crosseattention. Then the
image embedding is upscaled, from which the updated output tokens are
used to dynamically predict masks.[6] . . . . . . ... .. ... ... ...
Example images with overlaid masks from SAs1B Dataset, with di erent
ranges of masks perimage.[6] . . . . . . . ... ... oL
Estimated geographic distribution of SA*1B images, meant to promote the
diversity of the dataset.[6] . . . . . . . . . . . .. .. ... ... ... ...
An example of SAM's Automatic Mask Generator in action.[6] . . . . . . . .
An overview of CLIP's approach. While standard image models jointly train
an image feature extractor and a linear classi er to predict some label, CLIP
jointly trains an image encoder and a text encoder to predict the correct
pairings of a batch of (image, text) training examples.[7] . . . . . . . . . ..
A simple example of contrastive learning. In this example the goal is to
maximize the distanse between the rst two samples and the third one,
since they are parts of dierentclasses. . . . . . . . . .. ... .. .....

Diploma Thesis

40



LIST OF FIGURES

7.8  Architecture of CLIPSeg: extending a frozen CLIP model (red and blue) with

a transformer that segments the query image based on either a support

image or a support prompt.[8] . . . . . . ... o 63
7.9 Example annotations on images from the PHRASECUT dataset. Colors

(blue, red, green) of the input phrases correspond to words that indicate

attributes, categories, and relationships respectively [9]. . . . . . . . . .. 64
7.10 PAsSAM's framework [10]. . . . . . . . . . ... 67
7.11 Examples of the medical imaging modalities used to nestune SAM, thus

creating MedSAM. The anatomical structures covered by the dataset are

represented inside a human body [11]. . . . . . . ... ... ... ... .. 68
7.12 a The amount of medical imagesmask pairs in each modality. b The archie

tecture of MedSAM. The creators used the same architecture as SAM but

found that bounding boxes are the superior prompt choice when it comes

to medical images [11]. . . . . . . . .. 69
7.13 A visual representation of this work's pipeline. . . . . . .. ... ... ... 72

7.14 Setting up a Kaggle notebook with a GPU acccelerator for experimenting

with SAM and CLIPSeg [12]. . . . . . . . . . . . . ittt 74
8.1 Example Xeray image and mask from the COVID+*QU<Ex Dataset. . . . . . 76
8.2  Example image and mask from the Electron Microscopy Dataset. . . . . . 76
8.3 Example image and mask from the CityScapes Dataset. . . . . . . ... .. 78
8.4  Example image and mask from the Corsica Fires Dataset. . . . . . . . . .. 79

9.1 Examples of SAM's Automatic Mask Generator on the CityScapes Dataset. 83
9.2 Examples of CLIPSeg on the CityScapes Dataset. The probability map of

each text prompt was used to create the predicted mask. . . . . . ... .. 84
9.3 Examples of SAM's Automatic Mask Generator on the Corsican Fire Dataset.

The need for neetuning SAM before applying it on the images is evident. . 85
9.4 Examples of nestuned SAM on the Corsican Fire Dataset. The masks

generated were taken by the probability map created by the sigmoid function. 87
9.5 Examples of neetuned CLIPSeg on the Corsican Fire Dataset. The masks

generated were taken by the probability map created by the sigmoid function. 89
9.6 Examples of prestrained SAM on the Electron Microscopy Dataset, with one

input point randomly sampled from the ground truth mask. . . . . . . .. 92
9.7 Examples of prestrained SAM on the Electron Microscopy Dataset, with two

input points randomly sampled from the ground truth mask. . . . . . . . . 92
9.8 Examples of nestuned SAM (20 epochs) on the Electron Microscopy Dataset. 94
9.9 Examples of nestuned SAM (50 epochs) on the Electron Microscopy Dataset. 95
9.10 Examples of prestrained CLIPSeg on the Electron Microscopy Dataset, with

the prompt "black shade" asinput. . . . .. ... ... ... ........ 96
9.11 Examples of nestuned CLIPSeg for 20 epochs on the Electron Microscopy

Dataset, with the prompt "black shade" as input. The masks generated

were taken by the probability map created by the sigmoid function. . . . . 98

Diploma Thesis



LIST OF FIGURES

9.12

9.13

9.14

9.15

9.16

9.17

9.18

9.19

9.20

9.21

Examples of nestuned CLIPSeg for 50 epochs on the Electron Microscopy
Dataset, with the prompt "black shade" as input. The masks generated
were taken by the probability map created by the sigmoid function.
Example of SAM's Automatic Mask Generator on the CovideQu<Ex Dataset.
Examples of prestrained SAM on the CovideQu<Ex Dataset, with a point at
around the center of the ground truthasinput. . . . . ... ... .. ...
Examples of nestuned SAM (20 epochs) on the Covid*Qu<Ex Dataset.
Examples of nestuned SAM(50 epochs) on the CovideQu<Ex Dataset.
Examples of failed attempts of neetuned SAM on the CovideQu<Ex Dataset,

with a bounding box asa prompt. . . . . . ... ... ... ...

Examples of prestrained PA*SAM on the CovideQu<Ex Dataset, with a prompt

pointon eachlungasinput. . . . . . ... . ... ... ... ... ...

Examples of preetrained MedSAM on the CovideQueEx Dataset, with a
bounding box surrounding the lungs as prompt. . . . . . . . ... ... ..
Examples of neetuned CLIPSeg (20 epochs) on the Covid*Qu<Ex Dataset,
with the prompt "lungs” as input. The masks generated were taken by the
probability map created by the sigmoid function. . . . . . . . ... ... ..
Examples of neetuned CLIPSeg (50 epochs) on the Covid*Qu<Ex Dataset,
with the prompt "lungs" as input. The masks generated were taken by the
probability map created by the sigmoid function. . . . . . . . ... ... ..

Diploma Thesis






List of Tables

8.1
9.1

9.2

9.3

9.4

9.5

10.1

A synopsis of the datasetsused. . . . . . . ... .. ... ... ... .... 75
A synopsis of the training loop for 20 epochs on the Corsican Fire Dataset.

The models had a learning rate of Ir=1e*5. SAM took 1.05 seconds per
iteration, while CLIPSeg took approximately 0.1 seconds. The threshold for

the probability map was 0.61 for SAM and 0.15 for CLIPSeg. . . . . . . .. 920
A synopsis of the training loop for 20 epochs on the Electron Microscopy
Dataset. The models had a learning rate of Ir=1e<5. SAM took 1.05 seconds

per iteration, while CLIPSeg took approximately 0.1 seconds. The threshold

for the probability map was 0.5 for SAM and 0.3 for CLIPSeg. . . . . . . .. 100
A synopsis of the training loop for 50 epochs on the Electron Microscopy
Dataset. The models had a learning rate of Ir=1e<5. SAM took 1.05 seconds

per iteration, while CLIPSeg took approximately 0.1 seconds. The threshold

for the probability map was 0.55 for SAM and 0.47 for CLIPSeg. . . . . .. 101
A synopsis of the training loop for 20 epochs on the CovidsQu<Ex Dataset.

The models had a learning rate of Ir=1e*5. SAM took 1.05 seconds per
iteration, while CLIPSeg took approximately 0.1 seconds. The threshold for

the probability map was 0.5 for SAM and 0.1 for CLIPSeg. . ... ... .. 114
A synopsis of the training loop for 50 epochs on the CovidsQu<Ex Dataset.

The models had a learning rate of Ir=1e*5. SAM took 1.05 seconds per
iteration, while CLIPSeg took approximately 0.1 seconds. The threshold for

the probability map was 0.55 for SAM and 0.15 for CLIPSeg. . . . . . . .. 115
An overview of Chapter's 9 results with the loU scores achieved by SAM and
CLIPSeg. It is noted that the models did not need training with CltyScapes

to achieve great results, so there are only loU scores for their prestrained
variations. Also, 50 epochs seemed to be too much for the models when it
comes to Corsican Fires and due to overe tting the results were not useful. 117

Diploma Thesis






Chapter

Introduction

The object of this work is to study image segmentation across various reference
datasets, utilizing two stateeofethesart deep learning models, Segment Anything Model
(SAM) and CLIPSeg. The aim is to explore the performance of these models for the task of
image segmentation across multiple datasets, employing metrics such as Intersection over
Union (loU) and Dice Loss. Image segmentation has become a critical task in computer
vision due to the exponential growth of image data volume and has numerous applicas
tions in various domains. Image segmentation involves dividing an image into multiple
segments, where each segment represents a di erent object or region within the image.

Each of these models has its unique architecture and has been praised for their pere
formance, especially when it comes to zeroeshot image segmentation tasks. The reference
datasets represent a wide range of realsworld scenarios, from images of natural and ure
ban scenes, to re and medical images. Also the impact of di erent hyperparameters on
the performance of each model was analyzed, such as learning rate, batch size, and the
number of epochs. Additionally, backepropagation techniques were utilized to nestune
the models when needed.

The results of this study demonstrate that the performance of these models varies
signi cantly depending on the dataset and the specic image segmentation task. The
ndings provide insights into which model performs better under di erent conditions and
which datasets pose di culties to them. These conclusions can serve as a resource for
researchers, to see the models in action and understand which parts of them need to be
improved or changed, based on the segmentation task at hand.

The code used for the experiments section can be found at Github.

1.1 Structure of the thesis
The following thesis is organized in chapters:
" Chapter 6 focuses on certain concepts that serve as theoretical background.
" Chapter 7 analyses models used as well as the methodology that was followed.
" In Chapter 8 the datasets used in this work are presented.
" Chapter 9 presents the segmentation experiments along with their results.
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Chapter 1. Introduction

~

Chapter 10 contains the nal conclusions drawn from the experiments, along with
suggestions for future work.
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Chapter

Eisagwg

To antikebDmeno aut ¢ thc ergasbac ebnai h meléth thc tmhmatopobhshc eikinac se di'-
ora sOnola anao"c , grhsimopoi .ntac dOo prohgména montéla aji"c m" hshc , to
Segment Anything Model (SAM) kai to CLIPSeg. O stigoc ebnai na exetasteb h apidosh
aut,n twn montélwn gia thn ergasPa thc tmhmatopoBhshc eikinac se pollapl” sOnola de-
doménwn grhsimopoi ntac met ikec ipwc h Intersection over Union (loU) kai to Dice Loss

H tmhmatopobhsh eikinac ebnai éna shmantiki komm“ti thc i ashc upologist,n ligw
thc ekjetik ¢ aOxhshc tou igkou dedoménwn eikinwn kai &gei polu“rijmec efarmogéc se
di"forouc tomebc . H tmhmatopobhsh eikinac perilambnei th diabresh miac eikinac se pol-
lapl” tm mata , ipou k™ e tm ma antiproswpeOei éna diaforetiki antikeDmeno perioq
mésa sthn eikina .

K" e éna api aut” ta montéla égei thn monadik tou argitektonik kai eqgei diakri-
eb gia thn apidos tou , eidik™ itan p ikeitai gia ergasbec tmhmatopobhshc eikinwn mh-
denik ¢ ekpabdeushc . Ta sOnola dedoménwn ana o "¢ antiproswpeOoun mia eurePa gk"ma
pragmatik.n senaBwn , api eikinec usik,n kai astik,n skhn.n , éwc eikinec wti"c kai
iatrikéc eikinec . EpPbshc, analO hke h epBdrash diafirwn uperparamétrwn sthn apidosh
k™ e montelou |, ipwc h suntelest c m”™ hshc (learning rate), batch size  kai o arijmic twn
epoq.n . Epipléon , grhsimopoi jhkan tegnikéc anad om ¢ (backepropagation) gia thn ek
néou O mish twn montélwn ipou apaitoOntan

Ta apotelésmata aut ¢ thc meléthc debgnoun iti h apidosh aut,n twn montelwn poikbllei
shmantik™ an”loga me to sOnolo dedoménwn kai th sugkekriménh ergasDa tmhmatopobhshc
eikinac . Ta eur mata pa égoun eishg seic sgetik® me poio montélo apodbdei kalOte a
upi diaforetikéc sunj kec kai poia sOnola dedoménwn touc p okaloOn duskolPec . Aut”
ta sumper’smata mpo oOn na leitourg soun wc phg gn,shc . Parathr ntac ta montela
se d“sh , énac ereunht c mpo eb na katano sei poia mé h touc grei"zetai na eltiwjoOn
na all’xoun , “sei thc ergasbac tmhmatopobhshc pou antimetwpbzoun .

O k.dikac pou g hsimopoi hke gia ta pei ‘'mata aut ¢ thc doulei"c Dsketai sto
Github.

2.1 Dom thc e gasbac

H dom thc e gasbac égei wc exc :

" ToKe’laio 6 esti"eisto ew htiki upi a o thc e gasbPac

Diploma Thesis



Chapter 2. Eisagwg

To Ke laio 7 analOei ta montéla pou g hsimopoi hkan kai th me odologPa pou

akolou hke

Sto Ke laio 8 pa ousi” ontai ta sOnola dedoménwn pou q hsimopoi hkan

To Kefllaio 9 perilamb™nei ta peir'mata pou éginan kai ta apotelésmata pou

p oékuyan api aut”

To Keflaio 10 periegei ta telik”™ sumper'smata kai prot’seic gia mellontik

doulei” .
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Chapter

Montéla kai SOnola Dedoménwn

O skopic thc enithtac aut c ePnai h pa ousbash twn montélwn kai twn sunilwn de-
doménwn pou a grhsimopoihjoOn sth sunéqeia aut ¢ thc doulei’c

3.1 Montela

3.1.1 SAM

To SAM (Segment Anything Model [6]), eéna montélo aji"c m™ hshc sqediasméno gia
ergasbec shmasiologik ¢ tmhmatopobhshc eikinwn . Qarakthrbzetai api thn ikanitht™ tou
na diagwrbzei eikinec se diaforetikec kl"seic kathgorbec , katano,ntac tic qw ikéc sqéseic
metaxO diafirwn antikeiménwn entic thc eikinac kai to gegonic iti epit &pei th diadrastik
anbgneush me entoléc H proseggish tou SAM ebnai an“logh me ton t ipo me ton opobo “lla
foundation montéla grhsimopoioOntai , gia pa “deigma , ipwc to CLIP ePnai o sustadopoi-
ht ¢ keiménou eeikinac tou sust matoc dhmiou gbac eikinac DALL-E.

Oi dhmiou gob tou SAM ka ié wsan mia e gasba tmhmatopobhshc pou ebnai epak,c
p osa misimh _ste na leitou g sei wc mia axiipisth p oekpabdeush kai na dieukolOnei
di” o ec metepeita e gasbec . Aut h e gasba apaiteD eéna montélo ikani gia dunamikéc
entoléc kai dhmiou gbac m“skwn se p agmatiki g ino , epit épontac th diad astik g sh
Gia thn apotelesmatik ekpabdeush tou montélou apait hke p is ash se éna ektetameno
kai poikblo sOnolo dedoménwn , to opoPo den tan dia ésimo sth kiPmaka pou q ei” ontan
oi dhmiou goP. Gia na antimetwpisteP autic o pe ioismic , oi sugg a eDc anaptOssoun mia
st athgik "mhgan ¢ dedomenwrl. Auti peilam “nei mia kuklik disdikasba , 1pou to
montélo oh ~ sth sullog dedoménwn , kai sth sunégeia , ta néa dedoména elti,noun kai
teleiopoioOn to Bdio to montélo .

3.1.2 PA:SAM

To SAM egei epidebxei th dunatithta na pa “gei pollapléc pi anéc m"skec , me meg’lh
ak b eia , gia tugabec eikinec g hsimopoi ntac entolec , upodhl nontac étsi th shmantik
tou epbd ash sthn exelixh e gasi,n tmhmatopobhshc eikinac . Oi epimenec p osp” eiec
€ eunac epekteinan tic e a mogec tou SAM se di" o ouc tomebc kai apok’luyan touc
pe io ismoOc tou sto na epitOgei uyhl ¢ poiithtac apotelésmata anBgneushc , idiabte a
em anebc sta g ammik” 1 ia m“skac gia sOn eta antikePmena ipwc gia pa “deigma akétec
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ténic. Epoménwc up” gei mia isqu an"gkh na sgediasteb éna dbktuo pou na ebPnai ikani
na paegei sto SAM apeu ebac leptome ebc plh o o Bec gia na elti,sei ton anigneut
m’skac .

Me auti upiyh , égine mia prosp’jeia na antimetwpisteb aut h piklhsh me thn
dhmiou gba tou Prompt Adapter Segment Anything Model (PA*SAM [10]). Auti to dbktuo
egei sgediasteb gia na exereun” a € aiec periogéc entic eikinwn kai ha enswmat,nei plhro-
orbec gamhl ¢ an"lushc se puknéc kai a aiéc entoléc , elti,nontac étsi th dunatithta tou
SAM na m’jei leptomeéreiec . Gia na to petOqei auti , protePnetai €nac ant"ptorac entol.n o
opoBoc skopi egei thn exi uxh perissiterwn plhrofori,n api dOskola shmeba twn eikinwn
Antbjeta api touc sumbatikoOc ant™ptorec  , autic o ant™ptorac esti"zei sth eltistopoBhsh
twn garakthristik,n twn entol,n antb twn garakthristik, n thc eikinac , epitrepontac thn ex-
agwg leptomer,n plhrofori,n sgetik™ me thn perioq estbashc tou diktOou . Téloc, kat”
th di” keia thc ekpaPdeushc , to PA*SAM pag,nei to SAM kai ekpaideOei apokleistik™ ton
ant’ptora entol,n , diathr ntac étsi thn arqgik ikanithta tmhmatopobhshc antikeiménwn
tou SAM en, pa “gei m“skec anbgneushc uyhl ¢ poiithtac

3.1.3 MedSAM

H an“gkh gia kajolik™ montela sthn iatrik tmhmatopobhsh eikinwn aux”netai , kaj,c
h tmhmatopobhsh ebnai mia emeli,dhc ergasba ston kI'do , pou ed, kai kaii epiteleb-
tai me mh autimato tipo . Montéla , pou ekpaideOontai mPa o~ kai efarmizontai se
di“forec ergasbec tmhmatopobhshc , upisqontai auxhménh euelixba kai pijan,c pio ax-
iipista apotelesmata se di*fora iatrik® sen”ia tmhmatopobhshc . Wstiso , h prosar-
mog twn montélwn , ipwc to SAM, gia thn an”lush iatrik,n eikinwn antimetwpbzei prokl -
seic ligw twn shmantik,n diafor,n metaxO twn usik n eikinwn stic opoPec ekpaideOthke
kai twn iatrik,n eikinwn pou exet"zontai . To MedSAM epidi kei na leitourg sei wc o
asikic 1D oc gia thn kajolik tmhmatopobhsh iatrik,n eikinwn . 'Ena kab io stoigebo sth
dhmiou gba enic tetoiou montélou rbsketai sthn ikanitht™ tou na prosarmosteb se éna

eu O “sma eikonografik,n sunjhk n , anatomik.n dom_n kai pajologik,n parallag,n
Gia na antimetwpbsei aut n thn p iklhsh , 0oi dhmiourgob sunélexan prosektik™ éna meg~lo
kai poikPlo sOnolo dedoménwn anBgneushc iatrik,n eikinwn pou apotelebtai api 1.570.263

eOgh eikinac *m"skac . Auti to sOnolo dedoménwn ektePnetai se 10 eikonografikéc meji-
douc, perilamb™nei p"nw api 30 tOpouc karkbnou kai enswmat nei difora p wtikolla
eikinwn . Auti to ektetaméno sOnolo dedoménwn exoplbzei to MedSAM me mia periektik
katanihsh twn iatrik,n eikinwn , kalOptontac éna eu O “sma anatomi n kai la .n se
diaforetikéc mejidouc , me skopi na ePnai se ésh to montélona genikeOsei se opoiad pote
iatrik pe Bptwsh kai an g eiasteb na diageiristeb

3.1.4 CLIP

To CLIP (Contrastive Languageslmage Preetraining) ebnai to p,to sunduastiki (se
aut n thn pe Bptwsh sundu”zetai i ash kai kebmeno ) montélo pou asqolebtai me thn up-
ologistik iash kai kukloihse api to OpenAl. Mpo eb na grhsimopoi sei usik
gl,ssa gia na probléyei to pio sgetiki apispasma miac eikinac , qw Bc na eltistopoiebtai
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apeujebac gia thn e gasba .[7]

Sthn éreun” touc , oi suggrafebc antimet,pisan to keni sthn katanihsh thc sumper-
ifor’c twn taxinomht,n eikinwn pou ekpaideOontai me usik gl.ssa epD eurePac kIb-
makac. Qrhsimopoi ntac dhmisia diajesima dedoména api to diadbktuo , dhmioOrghsan
éna néo sOnolo dedoménwn pou perilamb™nei 400 ekatommOria eOgh eikinac *kePmenou H
meléth exétase thn klimakwsimithta tou CLIP ekpaideOontac mia sei " api okt, montéla
pou kalOptoun mia eureBa gk’ma upologistik.n pi wn . Parimoia me thn oikogéneia tou
GPT, to CLIP epédeixe th dunatithta na ekteleb poikblec ergasbec kat™ thn proekpabdeush ,
sumperilambanoménhc thc gew <topo ethshc kai thc anagn,rishc d “shc

Gia na axiolog soun tic dunatithtec tou CLIP, oi ereunhtéc dokbmasan thn apidosh
tou se perissitera api 30 up“rgonta sOnola dedoménwn pou den gn,ie . Entupwsiak™ ,
to CLIP édeixe antagwnistikithta me prohgoOmena montéla pou ebgan ekpaideuteb gia sug-
kekriménec ergasbec.

Idiabte a, h meléth epes mane iti ta montéla mhdenik ¢ ekpabdeushc (zeroeshot) tou
CLIP epideiknOoun megalOte h anjektikithta se sOgkrish me isodOnama montéla pou ek-
paideOthkan me “shto ImageNet, upogrammPzontac th shmasba thc axiolighshc twn mon-
telwn se "gnwsta sOnola dedoménwn .

3.1.5 CLIPSeg

H p iklhsh thc genbkeushc se mh ew h énta dedoména ebnai ousi,dhc gia di" o ec
e amogéc sthn teqgnht nohmosOnh . En, oi "n wpoi xeqw D oun se aut n thn e gasba , ta
sust mata 1 ashc duskoleOontai . H tmhmatopobhsh eikinac apaiteb api ta montéla na
ex"goun p o leyeic gia k™ e pixel, anexattwc tou ti pa ousi” etai sthn eikina , all” ta

klasik™ montela shmasiologik ¢ tmhmatopobhshc ebnai pe io isména stic kathgo Bec pou
ekpaideOthkan .

Me auti upiyh , dhmiou g hke to montélo CLIPSeg [8] wc éna euélikto ergalebo
pou mpo eb na diagwrbsei “sei e wt sewn keiménou eikinwn . Qrhsimopoieb éna proek-
paideuméno montélo CLIP wc “sh kai éna lepti sunjetiki epPpedo shmasiologik ¢ anBgneushc
(apokwdikopoint ) gia na epexergasteb tic upodebxeic se kebmeno kai eikinec O apok-
wdikopoiht ¢ ekpaideQOetai gia na sqetb ei tic upodebxeic pou dbnontai sto  CLIP me thn exag-
wg shmasiologik c tmhmatopobhshc , elagistopoi, ntac tugin p okatal yeic tou sunilou
dedomeénwn kai diathr,ntac tic exairetikéc probleptikec ikanithtec tou CLIP.

H meléth g hsimopoieb to montélo CLIP san “sh tou kai to epektebnei me énan miki
pa amet ik™ apotelesmatiki apokwdikopoiht (transformer decoder).

3.2 SOnola Dedoménwn

3.2.1 COVID*QUsEx

Mia om™da ereunht,n api to Panepist mio tou Kat™ kai to Panepist mio tou Ntak™
tou Mpangklantéec , ma B me sune gtec touc api to Pakist™n kai th Malaisba se sunergasba
me iatroOc dhmioOrghsan mia “sh dedoménwn me eikinec aktinografbac tou , aka gia
etik® kroOsmata  COVID+*19 maD me eikinec Pneumonbafl3]. Auti to sOnolo dedoménwn
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gia COVID+19 apotelebtai api 33.920 eikinec aktinografbac tou , aka , sumperilam-
anoménwn: 11.956 COVID-19, 11.263 mhek ousm™twn COVID (Kanonik Bakthriak
Pneumonb@kai 10.701 Kanonik,n , ma B me m“skec dhmiourghménec api iatroOc gia k™ e
aktinografba . Auti kajist” to COVID+QU+Ex to megalOte o pou dhmiou g hke poté
sOnolo dedoménwn me m"skec pneOmona

To sOnolo dedoménwnCOVID*QU+Ex apotelebtai api mik ite a sOnola dedoménwn pou
grhsimopoi jhkan se prohgoOmenec ergasPec pou kuklo i hsan api aut” ta panepist mia ,
ta opoPa mpo oOn na rejoOn ed, [14] kai ed, [15].

Gia touc skopoOc aut ¢ thc ergasbac , dedoménwn twn periorisménwn pi wn pou ebnai
diajésimoi , grhsimopoi jhke éna uposOnolo tou sunilou dedoménwn COVID*QUe<Ex, pou
onom’zetai QaTa*COV19 Dataset, sthn teleutaba tou ékdosh . Apotelebtai api 9258 ak-
tinografbec , aka COVID*19 kai “llec tisec m“skec . Api autéc , oi 7.145 aktinografbec
apoteloOn to sOnolo ekpabdeushc , pou grhsimopoiebtai gia skopoOc ekpabdeushc . Tic
upiloipec  2.113 aktinografbec apoteloOn to sOnolo dokimc , pou grhsimopoiePtai gia
skopoOc axiolighshc

3.2.2 Electron Microscopy

To sOnolo dedoménwn Hiekt onik ¢ Mik oskopPac antip oswpeQOei éna tm ma 5x5x5 mm
pou p oé getai api thn pe ioq CALl tou ippokmpou tou egke “lou , antistoiqgoOntac
se enan igko 1065x2048x1536. Ta dedoména ebnai tisdi"stata wc p oc ton igko kai
pa éqontai wc stob a api ageba  TIF.

To sOnolo dedoménwn diai ebtai se dOo upoesOnola. K" e éna apotelebtai api 165
Olla 768x1024 thc stob ac eikinwn . To sOnolo pou g hsimopoi hke gia ekpaPdeush
ebnai to ep"’nw mé oc thc stob ac en, to ktw mé oc g hsimopoi hke gia dokim . Gia na
ebnai pio eOkola diagei Dsimec, tic metat @éyame se 1980 eikinec 256x256. Epipléon , epeid
oi eikinec an kan se éna megalOte o Ollo , to apotélesma tan iti to sOnolo dedoménwn
pe ieDge eikinec pou den ebgan mitogind ia . Autéc oi eikinec den a oh oOsan kat™ th
dokim kai thn ekpabdeush tou montélou , opite ilt” hkan gia na mhn p okalésoun
p ol mata

H dhmiou gba autoO tou sunilou dedoménwn ku Bwc upokin jhke api thn an“gkh gia
thn aki tomogrifhsh twn mitoqondrbwn , pou ebnai doméc endiaferontoc gia neuroepist -
monec

3.2.3 CityScapes

To Cityscapes ebnai éna sOnolo dedoménwn meg’lhc kiPmakac pou sqgedi’sthke gia thn
ekpabdeush kai dokim montelwn gia th shmasiologik m™hsh sthn antblhyh astik,n
skhn.n . Dhmiou g hke api éna poikBlo sOnolo stereoskopik,n Bnteo api 50 diafore-
tikec pileic , me5000 annotations uyhl c poiithtac se epPBpedo pixel. To sOnolo dedoménwn
uperbabnei prohgoOmenec prosp’jeiec ison a 0 ~ to mégejoc , ton ploOto twn annotations,
thn poikilDa twn skhn_ n kai thn poluplokithta . H meleth pa éqgei mia leptomer an’lush
twn qarakthristik,n tou sunilou dedomenwn kai mia axiolighsh thc apidoshc diafirwn
proseggbsewn teleutabac teqnologbac. Aut h proseggish ebnai wtik ¢ shmasbac gia thn
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katanihsh polOplokwn astik,n d imwn kai th eltbwsh thc anBgneushc antikeiménwn sth
aji” m" hsh . [16]

H meleth ebge wc stigo thn katagraf thc uyhl ¢ metablhtithtac twn exwterik,n
astik,n skhn,n grhsimopoi,ntac mia me odologba egg a ¢ kai anagn,rishc dedoménwn
Apokt jhkan arketéc ekatont"dec gili'dec ka & api éna kinoOmeno ighma gia arketoOc
m nec se 50 pileic , ku bwc sth Germanba kai tic geitonikéc g, ec . Oi ais ht ec topo-

et jnkan pPsw api to parmprDz kai par gagan eikinec uyhl ¢ dunamik ¢ eO ouc (HDR)
mel6 bits grammik ~ ouc qr,matoc . Gia na diasfalisteb h ak b eia thc ajmonimhshc ,
oi ereunhtéc epanélaban th ajmonimhsh pin api k™ e sunedrba egga c¢ . Téloc, oi

dhmiourgoP jelan na exasfalPsoun iti to sOnolo dedoménwn a tan iso to dunatin pio
poikblo . Gia to skopi auti , epélexan geirokbnhta ta ka e tou sunilou dedoménwn , gia na
diasfalbsoun énan meg’lo arijmi dunamik,n antikeiménwn kat" th di” keia diafirwn epo-

g,n kai kai ik,n sunjhk,n . Eidikitera , pa ath hke iti to CityScapes égei megalOte o
meéso arijmi dunamik,n antikeiménwn an” ka & api opoiod pote “llo parimoio sOnolo
dedomeénwn pou tan diajesimo dhmosBwc p in api auti

3.2.4 Corsican Fires

To "Fire project” pou diex g h sto ergast rio "Epist mec gia to Perib’llon "UMR CNRS
6134 SPE « Panepist mio thc Korsik ¢ ebnai afierwméno sto montelopobhsh kai sthn peira-
matik meléeth twn purkagi,n I"sthshc . Sto plabsio aut ¢ thc ereunac , dhmiou g hke
h Korsikanik B"sh Dedomenwn Purkagi,n [17].

H “sh dedoménwn pe ilam “nei eikinec PNG pu kagi,n api ilo ton kismo . Toégo
xekbnhse t02017 me stiqo th mét hsh mésw thc i ashc twn gewmet ik,n ga akth istik.n
twn pu kagi,n se éna nhsb ipwc h Ko sik , to opobo éqgei euais hsba stic pu kagiec ligw
tou mesogeiakoO kiPmatoc kai thc I'sths ¢ tou . Api tite , h "sh dedoménwn egei gbnei
mia sullog anoiqtoO k dika eikinwn pu kagi,n , me mia eu eDa gk’'ma tOpwn pu kagi.n
kai I'sthshc , ka,c kai metadedoména pou kumabnontai api thn GPS esh thc eikinac
kai thn , a thc | yhc meq i tic gei okbnhta dhmiou ghmeénec m”skec twn pu kagi,n entic
aut,n twn eikinwn . Shmei netai iti h wtog aik mhgan pou q hsimopoi hke gia th

| yh twn eikinwn sth “sh dedoménwn tan mia "JAl AD-080GE".

Ligw thc uyhl ¢ poiithtac kai an“lushc (1024x768) twn eikinwn , ewr jhke eéltisto
na gwristoOn oi eikinec kai oi antDstoigec m"skec touc se mik ite ec eikinec (256x256).
To apotélesma tou sunilou dedoménwn apoteloOntan api perissiterec api 87.672 di-
aforetikéc eikinec qw Bc kamba epik'luyh . Auti égine gia na diasfalisteb iti den a
up rgan probl mata sumbatithtac me ta montéla pou grhsimopoi jhkan . Dedomenwn twn
periorisménwn piwn aut ¢ thc ergasPac  , grhsimopoi jhkan ligite ec eikinec wc sOnolo
ekpabdeushc.
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Chapter

Pei "mata kai Apotelesmata

4.1 SOnolo dedoménwn City Scapes

To p ,to sOonolo dedoménwn epiléq hke ligw thc omoiitht’c tou se ematologBa me
ta sOnola dedoménwn pou grhsimopoi jhkan gia thn ekpaBdeush twn montélwn pou grhsi-
mopoioOntai. H idéa ePnai iti kai ta dOo montéla a p épei na apodbdoun kal” se éna sOnolo
dedomeénwn pou apeikonb ei astik™ peribllonta kai parimoiec ki"seic (ktb ia , “njrwpoi
autokbnhta klp ). Auti ePnai auti pou dokimzetai se auti to peb ama

411 SAM

Xekin,ntac , axb ei na dokimasteb h Autimath Dhmiou gba M“skac tou = SAM . An ta

apotelésmata pou parousi“zontai sto [6] ePnai aki , anaménetai na epitOqei kal® sko
loU kat™ thn pribleyh mask n gia éna tétoio sOnolo dedoménwn , akima kai qw B¢ kpoia
pe aite w ekpabdeush stic eikinec . 'Otan ex"gontai IDga paradeBgmata tou Autimatou

DhmiourgoO Mskac se d 'sh  (9.1), ePnai améswc emfanéc iti prospajeD na dhmiourg sei
m’skec me megalOte h leptoméreia api autéc pou parousi’zontai api touc dhmiourgoOc

tou sunilou dedoménwn . Gia pa “deigma , kat” th dhmiou gba miac m“skac gia éna ktbio
prospajeb na diakrbnei kai mik ite a tm mat” tou , ipwc ta pa”“ua oi mp ostinec

pitec tou . Kat" th dhmiou gba miac m"skac gia énan dimo , diakrbnei epbshc tic gram-
méc tou pezodrombou kai oOtw kajex ¢ . Auti sumbaPnei ligw tou tipou me ton opobo
ekpaideOthke wc mé oc thc mhgan ¢ dedoménwn Segment Anything kai exaitbac tou opobou
to sOnolo dedoménwn SA1B katélhxe na égei tiso meg’lo arijmi mask, n an” eikina

Pa " tic ainomenik” diaforetikéc proseggbseic metaxO twn mask,n kai twn problepi-
menwn mask,n, diapist,jhke iti to SAM epétuge uyhli sko . To montélo diaqwrbzei tic
eikinec me megalQOte h leptoméreia epeid dhmiou g hke me to skeptiki na apo eOgei thn
as”eia , all" mpo eb na diakrBnei iti oi troqoP ePnai mé oc miac megalOte hc mskac pou
antiproswpeQei éna autokbnhto , ta pa~ u a ePnai mé oc miac megalOte hc m”skac pou an-
tiproswpeQei éna ktb io kai oOtw kajex ¢ . Wc apotélesma, se oliklh o to sOnolo elégqgou ,
epiteOq hke kat"mésoio  sko loU 92.3% , to opoPo ePnai exairetiki lamb™nontac upiyh
to gegonic itito SAM den ebge dei kamba api tic eikinec se auti .
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412 CLIPSeg

'Opwc kai to SAM , to CLIPSeg ekpaideOthke sto COCO , éna sOnolo dedoménwn me
parimoia astik® emata . Wc apotélesma, axb ei na eleggjeb an a epidebxei parimoia kal
apidosh . Antbjeta me ton Autimato Dhmiou gi M"skac tou SAM, to CLIPSeg grei“zetai keb-
meno eisidou gia na pa "gei m"skec . To kebmeno eisidou pou epiléq hke gia th dhmiou gba
twn mask,n tan auti twn pio kurBargwn klI"'sewn sto sOnolo dedoménwn . Autéc oi kl"seic
tan : "ktb io ", "autokbnhto", "drimoc ", "déntro " kai ""njrwpoi

'Opwc abnetai sto 9.2, to CLIPSeg diak Bnei a ket™ kal” tic kl"seic , lam "nontac
upiyh to gegonic iti den ebge dei autéc tic eikinec p ohgouménwe . Gia na posotikopoih oOn
ta apotelésmata , to CLIPSeg epétuge mésosko loU 96.2% sto sOnolo tou dokimastikoO

sunilou dedomenwn .

4.1.3 Sqilia

EPnai emfanéc iti ta montéla , me ton tipo pou éqoun proekpaideujeD , mpo oOn na
epitOgoun exairetik™ apotelésmata se peirmata mhdenik ¢ ekpabdeushc se sOnola de-
domenwn parimoia me aut” pou eqoun dei . Dedoménwn twn uyhl.n sko pou pa ath hkan ,
k B hke iti den axb ei na ekpaideutoOn pe aité w sto sOnolo dedoménwn auti , kaj,c to peri-
Jrioc eltbwshc tan arket™ mik i . To gegonic iti aut” ta apotelésmata dhmiou g hkan
autimata ison ao " to SAM kai me uyhl ebaiithta ison a0~ to CLIPSeg , enisqQOei
auti to sumpe asma

Auti to apotélesma étei to e thma gia to piso kal” a leitou goOn aut” ta montéla
se éna sOnolo dedoménwn me dia o etik® émata

4.2 SOnolo dedoménwn Corsican Fires

Epimeno sth IDsta ePnai to SOnolo dedoménwn Corsican Fires . Se auti to peD ama , o

stigoc ePnai h tmhmatopobhsh enic polO sugkek iménou tm matoc k™ e eikinac , tic ligec
H wti” ebnai k'ti pou ta montéla den éqoun dei wc mé oc thc ekpabdeus ¢ touc . Epipléon ,
oi eikinec tou sunilou dedoménwn den apeikonb oun astik™ skhnik” , K'ti pou ta montéla

egoun sunh bsei. Wc apotélesma, a tan endia & on na exetasteb p,c a antimetwpbsoun
ta montéla autéc tic néec sun kec

421 SAM

Xekin,ntac , a tan endiaféron na doOme p.c leitourgeD o Autimatoc Dhmiou gic
M’skac tou SAM se auti to sOnolo dedoménwn . Met" th q sh tou montélou se me ikéc
tugabec eikinec, tan emfanec iti aut ebnai mia arket”™ diaforetik pe Bptwsh api to
CityScapes . 'Opwc aPnetai sto sgma 9.3, to montélo den mpo oOse na diakrbnei tic
ligec wc éna diaforetiki antikeBmeno kai epoméenwc grei“zetai na gbnei ekpabdeush sto
sOnolo dedoménwn prokeiménou na axiologhjeD .

Ston kOio iqo ekpabdeushc , to montelo a lamb™nei ta dedoména ekpabPdeushc |,
k"nontac probléyeic gia tic m“skec kai sugkrbnont’c tec me tic pragmatikéc m“skec , ,Ste
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oi pa “met oi tou montélou na eltistopoioOntai me “sh th sun” thsh ap, leiac . Gia th
dhmiou gba miac m"skac , to SAM grei“zetai na egei k"poio dedomeéno eisidou , se aut n thn
pe Dptwsh éna tugabo shmebo mesa sthn apeikinish thc wti"c . Aut h epilog égine gia na
ohj sei to montelo na epikentrwjeb ak i ,c sthn kI"sh pou eloume na tmhmatopoi sei

B & hke iti mia h g sh koutioO san dedoméno eisidou den tan epak ¢ , kaj,c ebnai pio
diforoOmenh wec eBsodoc se sOgkrish me éna shmebo eisidou.

Met" thn olokl rwsh thc diadikasbac ekpabdeushc , ePnai h , a na elegqgjeb to néo mon-
telo sta dedoména eléegqou . Me ik™ paradeBbgmata parousi“zontai sto sq ma 9.4 kai ebnai
emfaneéc iti h diadikasba eltbwse to montélo . Epipléon , kat™ th g sh tou se oliklh o
to sOnolo dedoménwn eléggou, to SAM epétuge méso sko  loU 63% . AxD ei na shmeiwjeb
iti kat™ th di” keia thc diadikasbac elégqou grhsimopoi jhkan kouti™ perigrmmatoc wc
ebsodog prokeiménou na kajodhghjeD to montélo p oc th swst kateO unsh qw B¢ na tou
debxoume ak i ,c th swst m"ska

422 CLIPSeg

Epimeno ma , ebnai h ekpabdeush tou CLIPSeg kai h axiolighsh thc apidos c tou
me auti to sOnolo dedoménwn. Fusik® , to montélo q eia itan éna kePmeno eisidou gia na

leitougsei . Se autn thn pe Bptwsh , epileq hke h lexh re" gia na peig  yei thn
epi umht m’“ska
Dbnetai ém ash sto gegonic iti kat™ th dokim twn upe epaamétwn gia autn th

diadikasba, diapist, hke iti to CLIPSeg ebge ligite h empistosOnh stic p o lepimenec
m’skec se sOgkish me to SAM . Api th mia pleu” , auti tan anamenimeno , epeid to
SAM ebge o eia api ta shmeba eisidou pou tou di hkan , en, to CLIPSeg anagk’sthke
na dhmiou g sei mia m“ska api mia léxh pou den ebge dei poté pin . Me “sh aut” kai
akolou ,ntac mia paimoia diadikasba me aut tou SAM , epiteOgqhke DICE Loss Dso
me 0,201 met” api 20 epogéc ekpabdeushc

Met" thn ekpabdeush , axiolog hke h apidosh tou enhme wménou montélou . Telik™
to montélo pétuge sko loU Bso me68,2% . 'Opwc abnetai sto sqma 9.5, to montélo
kat” e e na diak Bnei genik,c tic ligec api th ['sthsh . Wstiso , oi p okOptousec
m’skec tan Ibgo "tetagwnisménec" kai igi oio etimenec me leptoméeia , gegonic pou
exhgeb giatb tdoU den tan uyhlite o

4.2.3 Sqilia

Se auti to ke “laio epiléq hke to sugkek iméno sOnolo dedoménwn gia na elegq eb p.c
antapexe gontai ta montéla se eikinec pou ebnai a ket™ dia o etikéc api autéc pou a qik”
ekpaideOthkan . Met” th di” esh sta montéla enic pe io isménou uposunilou tou sunilou
dedoménwn gia ekpabdeush pa ath hke ena uyhlite o sko loU giato CLIPSeg api to
SAM . Paila aut®™ , itan sugk Bnontai oi m“skec api ta sq mata 9.4 kai 9.5, abnetai
iti oi m“skec pou dhmiou g hkan api to CLIPSeg ebnai pio gont okommeénec stic akmec
kai pio "tet agwnisménec". To gegonic pou p okaleb th mebwsh tou sko tou  SAM ebnai iti
g'nei pixels mésa sth m"ska , akima kai an kat™ e e na dhmiou g sei to pe Bbg amma me
pe issite h sa neia kai leptomé eia api to CLIPSeg .
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Epipléon , axb ei na shmeiw eb iti up xe mia p osp” eia na ekpaideutoOn ta montéla
gia 50 epogéc, gia na doOme e™n h apidos touc a eltiw eb . To apotélesma “nhke na
eph e~ etai api upe ekpabdeush kai ta monteéla m”™ ainan na ex"goun oliklh h thn eikina
wc "m’ska ". Katal hke p osp”eia na all"xoun o isménec upe *pa"meoi , all ta
apotelésmata den “llaxan . 'Etsi, ta apotelésmata autc thc diadikasbac ekpabdeushc
k B hkan iti den axP ei na pa ousiastoOn

Epipléon , oi prokOptousec m’skec den tan tiso uyhl ¢ poiithtac iso ekeBnec pou
dhmiou g hkan gia to sOnolo dedoménwn CityScapes . Auti debgnei iti h allag twn
em’twn twn eikinwn pou dbnontai sta montéla gia thn tmhmatopobhsh , mpo eb na mei,-
sei thn poiithta twn mask,n se éna peb ama mhdenik ¢ ekpabdeushc tmhmatopobhshc kai
pe aité w elti seic sta montéla ePnai apa abthtec gia na epiteugjoOn apotelésmata me
sko tiso uyhl” iso aut™ pou pa ath hkan se gnwstéc eikinec

Auti to sumpé asma étei to e ,thma gia to méq i pou mpo eb na t'sei ena peb ama
mhdenik ¢ ekpabdeushc tmhmatopobhshc eikinac . Sthn pe Bptwsh twn Corsican Fires , o0i
eikinec tan entel,c néec gia to montélo , all" o isménec ptugéc touc , ipwc ta dénta kai h
I'sthsh , tan énnoiec me tic opobec ta montéla ebgan dh exoikeiw eb. Ja tan endia & on
na doOme ta montéla na p ospa oOn na antimetwpBsoun éna sOnolo dedoménwn pou ebnai
pio sugkek iméno , pio dOskolo kai den moi~ etai kamPa omoiithta me ta astik® émata
twn eikinwn pou gnw B oun . Gia to skopi auti , ta monteéla dokim’sthkan se iat ik sOnola
dedomenwn

4.3 SOnolo dedoménwn Electron Microscopy

Se aut n thn enithta g hsimopoiebtai to sOnolo dedoménwn Electron Microscopy . O
stigoc tou pei "matoc ebnai h tmhmatopobhsh twn mitogond Bwn api eikinec kutt™ wn ston
an ,pino egke alo . Auti to sOnolo dedoménwn ePnai exeidikeuméno kai anaménetai na
pa ousi’sei duskolbec sta montela . Wc apotélesma, a tan endia € on na e eun soume

p.c a to antimetwpbsoun

431 SAM

Giamiaakimh o~ , pinapithleptomer ekpabdeush tou SAM sto sOnolo dedoménwn,
elegghke hpo eekpaideuménh tou ékdosh se me ikec tugabec eikinec . Fabnetaiitito SAM
antimetwpbzei duskolPec me auti to sOnolo dedoménwn. Sugkekriména , itan mia eikina per-
ieégei perissitera api éna stoigeba thc Bdiac kl"shc , Se aut n thn pe Bptwsh mitogondrbwn
egei duskolba na ta tmhmatopoi sei ila . Antbjeta, esti"zei sto éna stoigePo sto opobo
rDsketai to shmebo eisidou , ipwc aPnetai sthn eikina 9.6. Pa” taOta , aut” ta p ta
paradeBgmata debgnoun elpidofira apotelésmata , eidik™ se eikinec ipou up“rgei éna mino
mitogondrbo.

Epipléon , h eikina 9.7 paousi” ei tic problepimenec m“skec tou SAM me dQOo eisag-
wgik™ shmeba pou proérgontai api tic pragmatikec m“skec . Se sOgkrish me thn eikina
9.6, ipou oi m"skec dhmiou g hkan me éna tugabo eisagwgiki shmebo , ePnai emfanéc iti h
p os kh perissiterwn eisagwgik,n shmebwn den ohj" thn pe Bptwsh tou montélou . 'Otan
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dPnetai éna eisagwgiki shmebo gia k™ e mitogondrbo sthn eikina , to apotélesma ebte den al-
I"zei polO , ebte oi m"skec ePnai ligite o kalosghmatisménec . Wc apotélesma , apofasPsthke
iti ePnai eltisto gia to montelo na I” ei éna monadiki eisagwgiki shmebo , ,Ste na esti™-
sei se éna mino mitogondrbo k™ e 0~ kai Bswc na m’jei me perissiterh leptomereia ta
garakthristik™ pou to diaforopoioOn api ta “lla kOttara sthn eikina

Met” thn ekpabdeush tou montélou gia 20 epogéc sto sOnolo ekpabdeushc , katélhxe se
DICE Loss thc t"xhc tou 0.158 . Kat" th q sh thc néac ékdoshc sto sOnolo dokim ¢ ,
me ik” pa adebgmata sthn eikina 9.8 debgnoun iti to montélo p osp™ hse na I” ei upiyh
tou poll” mitogond Bwn se eikinec pou to apaitoOn , all” gw Bc meglh epitugba . Eidik
se eikinec me meg’lo ai mi mitoqond Pwn , pa ath ebtai iti den estbase mino se éna mino
mitogond Do ipwc p in th leptome O mish , all” pa aménei akima adOnamo sto na o Psei
swst” ilec tic m"skec . Sthn posp”ei” tou na I" ei upiyh tou ila ta mitogond Bwn ,
abnetai iti e “mose " h stic pe iogéc metaxO touc , me apotélesma na pa “gei k“poiec
agnéc m’skec se oismeénec peiptseic . Pa” taOta , aPnetai akimh iti ta kalOte a
apotelésmata p okOptoun api eikinec pou pe iégoun &na mino mitogond Do mésa touc . Sto
teloc , to montélo epétuge éna méso loU Score thc t"xhc tou 25.4% sto sOnolo dokim ¢

Aut” ta apotelésmata etoun to e ,thmatouti a sum eb an to montélo ebge pe issite 0

gino gia na m”ei tic eikinec . Sunep,c, to SAM ekpaideOthke xan™ gia 50 epogéc sto
sOnolo ekpabdeushc, me énateliki DICE Loss thct'xhctou  0.060 . Sthneikina 9.9 ePnai
em anéc iti to montélo eltbwse tic m“skec , idiabte a itan up” goun poll” mitoqond Bwn

se mia eikina , all” exakolou eb na esti” ei sto éna mitogond Do pou debqgnei to eisagwgiki
shmebo Sto téloc , oi m™skec tan pio ka a éc all” igi aki,c auti pou tan o stigoc

tou pei ‘matoc , epoménwc epiteOqg hke énac mésoc loU Score thc t"xhc tou 27.1% sto
sOnolo dokim ¢ .

43.2 CLIPSeg

Kat™ th dokim tou CLIPSeg sto sOnolo dedoménwn hlektronik ¢ mik oskopPac , h
p .th duskolba pou antimetwpbsthke tan poio eisagwgiki kebmeno na grhsimopoihjeb

Sugkekrimena , h profan ¢ epilog tou "mitogindrio " den leitoO ghse kajilou , kaj.c to
montélo den mpi ese na to anagnwrbsei . ‘Alloi iatrikob 1 oi , ipwc "anjr,pino kOttaro "
"pu nac ", dokim'sthkan all> den “nhke na IOnoun to pilhma . 'Htan emfanéc iti to
CLIPSeg greiazitan k™poia o jeia ison a o~ thn ebsodo , an ele na mijei p,c na di-

akrbnei ta mitoqondrbwn. Telik™ , diapist,jhke iti pio elpidofira apotelésmata par gjh-
san itan grhsimopoi jhke to eisagwgiki kebmeno "mal h ski® ". Hidéa pPsw api aut n thn
epilog p oékuye api thn paat hsh iti ta mitoqondrbwn éqgoun sa ,c mia pio skoO a
apigrwsh stic eikinec klIbmakac tou gk i tou sunilou dedomeénwn

Me auti to sugkek iméno eisagwgiki kebmeno , meik™ pa adebgmata apotelesm™twn
abnontai sthn eikina 9.10. EPnai em anéc iti epeid oi eikinec ebnai se klIbmaka tou gki
ebnai dunatin na mhn ebnai ta mitogindia h monadik mad ski" pou Dsketai sthn
eikina . Auti mpo eb na mpe déyei to montélo , ka ,c abnetai iti p ospa eb na diak Pnei
epbshc “llec apoq ,seic qw Bc na ePnai apa abthta mitoqgond Bwn . Pa” taOta , autéc oi
m°skec peiéqoun ta epiumht™ mitogond Bwn kai h elpbda ebnai iti me thn ekpabdeush
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tou montélou mpo eD na m” ei na diak Bnei poiec api autéc tic mad ec apoq ,seic ePnai
p agmatik™ mitogond Bwn

Met™ thn ekpabdeush tou montélou stic eikinec tou sunilou ekpabdeushc pou pe iebgan
mitogondrbwn gia 20 epogéc, parousi“zonta me ik™ paradebgmata tou néou montélou sthn

eikina 9.11. Autéc oi m'skec , pou par"gontai api eikinec tou sunilou dokim c , up-
odeiknOoun iti h duskolPa tou montélou sto na diakrBnei ta mitogindria pa aménei , eidik”
itan up“rqoun poll” se mba eikina . En, up’rgoun peript,seic pou apodbdei kal” , up-

“rqoun akima k“poiec eikinec pou ePnai pio skoO ec kai étsi oi pa agimenec m’skec me
autn thn ePsodo ePnai gamhl ¢ poiithtac . Sto téloc , se oliklh o to sOnolo dokim ¢
epiteOq hke énac méso loU Score thc t"xhc tou 15.3% .

Api thn “lih pleu " , itan aux hkan oi epogec se 50, abnetai iti to montélo kat™ e e
na diakrbnei kalOte a ta mitogondrbwn , ipwc aPnetai sthn eikina  9.12. Epipléon , up rgan
peript, seic ipou antil fijhke iti up“rqoun poll™ mitogbndria sthn eikina . Pa"taOta , oi
m’skec ebnai sun wc kak™ prosdiorismenec  , pou abnetai na ebnai éna éma pou epanalam-
“netai me to CLIPSeg se autoO tou ePdouc ta sOnola dedoménwn Telik® , me éna DICE
Loss thc t'xhc tou  0.267 sth diadikasba ekpabdeushc , to CLIPSeg epétuge éna meso loU
Score thc t"xhc tou 27.9% .

4.3.3 Sqilia

Se auti to peb ama pa ousi“sthkan me ik™ endia & onta apotelésmata

Kata q’c , kai ta dOo montéla epétugan kalOte a apotelésmata sth dhmiou gBa mask_n
api to anamenimeno . Auti deDgnei iti , en, ta iatrik™ sOnola dedoménwn ePnai exeidikeuména
kai antiproswpeOoun mia pio dOskolh ergasPa gia ta montéla , all” up“rqoun peript, -
seic pou mpo eD na ePnai eukolitero gia ta montéla na ergastoOn me aut® . Se autn thn
pe Pptwsh , éna sOnolo dedoménwn ipou h kI'sh  (mitogqondrbwr) tan eOkola diakrbsimh me
to anjr,pino mti , telik® tan eOkola diakrBsimh kai gia ta montéla . Aut” ta apotelés-
mata deBgnoun iti up“rqoun dunatithec kai Bswc me perissiterouc upologistikoOc pi ouc
kai perissiterec epogéc ekpabdeushc ta montéla na mpo oOsan na epitOqoun sko pou
mpo oOn na antagwnistoOn ekebna api to CityScapes.

Pa"taOta , hpaat hsh paaménei pwc h poiithta twn mask,n se éna exeidikeumeéno
sOnolo dedoménwn ebnai shmantik™ gamhliterh . Sugkekriména , to SAM duskoleOthke na
anagnwrbsei ila ta antikebmena thc Bdiac kI"shc kai epikentr jhke se aut™ pou edeigne to
shmebo eisidou. Auti pa ath hke epbshc kai me to CLIPSeg, all" se mikite o ajmi
Epipléon , to CLIPSeg den mpo oOse na katano sei to antikeDmeno endiaférontoc api to
inom” tou kai tan apa abthth mia pio perigrafik ebsodoc keimenou gia na gbnei h ek-
pabdeush tou. Akima kai an h eDsodoc epileq hke gia na ohj sei to montélo , ta apotelés-
mata tan leptomer,c oriojethmeéna kai den tan kont™ sthn poiithta pou epiteOq hke me
eikinec ipwc ekebnec se prohgoOmena peirmata .

Teéloc, kat™ th sOgkrish twn montélwn metaxO touc , to SAM pa “gei kalOte a orio-
ethménec m’skec , all” to gegonic iti epikentr jhke mino sto mitoqindrio pou édeigne h
ebsodoc od ghse sto CLIPSeg na petOqgei éna megalOte o méso sko . Aut ePnai mia t"sh
pou parathrebtai se ila ta peir"mata aut ¢ thc ergasbac
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4.4 SOnolo dedoménwn COVID*QU<EX

Epimeno sth IDsta ePnai to sOnolo dedoménwn COVID.QU+Ex . Se auti to peD ama , 0
stigoc ebnai h tmhmatopobhsh miac sugkek imenhc peioq ¢ thc aktinog a Bac , h opoba
ebnai to © wsto me oc twn pneuminwn . Oi eikinec aktinog a Bac ebnai K'ti pou ta montela
den éqgoun dei wec mé oc thc ekpabdeus ¢ touc . Epipléon , auti ePnai éna polO pio dOskolo
sOnolo dedoménwn gia ta montéla na antimetwpBsoun epeid , antb eta me ta mitoqgind ia
oi dia 0 &c metaxO ugi.n kai molusménwn pneuminwn den mpo oOn na diak i oOn kan api
eéna an ,pino m'ti pou den éqei ekpaideuteb (gia pa“deigma énac giatic ). 'Etsi, ta
apotelésmata anaménetai na enisqOsoun touc pe io ismoOc twn montélwn se exeidikeuména
sOnola dedoménwn

441 SAM

P in api thn ekpabdeush tou montélou stic aktinografbec twn pneuminwn , axb ei na ele-
gjoOn oi mskec pou dhmiou geb sth asik tou mo . Katarg™c , h autimath dhmiou gba
m“skac den mpi ese na anagnwrbsei touc pneOmonec wc xeqwrist kI“sh , ipwc aPnetai sto
9.13. DeOte on, grhsimopoi jhkan me ikéc aktinografbec gia dokim tou proekpaideume-
nou montelou. 'Ena shmebo eisidou pe Bpou sto kéntro thc pragmatik ¢ m“skac grhsi-
mopoi jhke gia na dhmiourghjeDb h m"ska kai ta apotelésmata emfanbzontai sto 9.14. Ta
apotelésmata aPnontai elpidofira a 00 to montélo diakrBnei touc pneOmonec api thn up-
iloiph aktinografba , se k’poio ajmi , itan kajodhgebPtai sth swst kateO unsh api to
shmebo eisidou. Pa"taOta , ePnai profanéc iti to montélo , ipwc ePnai proekpaideuméno ,
den mpo eb na anigneOsei ta mé h twn pneuminwn pou emfanBzoun shm™dia covid .

Epipléon , axb ei na shmeiwjeb iti to montélo abnetai na esti"zei perissitero sthn
pleu” twn pneuminwn ipou rbsketai to shmebo eisidou , se aut thn pe Bptwsh to dexb
pneOmona Dustug.c , to montélo den “nhke na katalababPnei iti kai oi dOo pneOmonec ePnai
meé oc thc Pdiac ontithtac kai anéjese megalOte o ~oc ston pneOmona pou epélexe to
shmebo eisidou.

To gegonic iti 0 autimatoc genn torac m’skac den mpi ese na diakrbnei touc pneO-
monec wc xeqwrist ontithta me dik tou m“ska tan k'ti pou anamenitan me “sh ta
prohgoOmena peirmata . Wstiso , to gegonic iti to proekpaideuméno montélo den mpi ese
na entopBsei ta mh ugi me h twn pneuminwn , akima kai itan di hke éna shmebo eisidou
meésa sthn periog endiaférontoc , dePgnei iti h eltbwsh tou montélou ebnai apa abthth

'Otan exet” ontai ta apotelésmata tou p osa mosmenou SAM sto 9.15, ebnai p o anéc
iti to montelo den eltbwse thn apidos tou iso a elpb ame . Katag'c , to montélo esti” ei
pe issite o sto dexD meé oc tou pneOmona , ipou iskitan to shmebo eisidou , kai apéetuge

na m" ei iti kai oi dOo pneOmonec ebnai mé oc thc Bdiac ontithtac . DeOte on, apétuge epPshc
sto na diak Pnei ta mh ugi mé h tou pneOmona . FaPnetai iti oi dia 0 @& me touc ugiebc
pneOmonec den tan kti pou to SAM mpo oOse na antilh eD , kai étsi p osp™ hse na
diak Bnei ton pl h pneOmona tiso stic ugieBc iso kai stic mh ugieDc pe ipt,seic

Shmei, netai iti oi problepimenec m”"skec dhmiou g hkan grhsimopoi,ntac éna shmebo
eisidou kai igi éna oriojethméno plabsio ipwc se prohgoOmena peir'mata . Autic o tOpoc
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eisidou epileq hke epeid to SAM den mpo o0se na esti"sei stouc pneOmonec itan di hke
ena plabsio thc periog ¢ tou , aka wc ebsodoc . Me k™ paradebgmata sto 9.17 debg-
noun iti oliklhh h periog tou oriojethmenou plaisbou ewr jnke m”ska me autin
ton tOpo eisidou , pou den dbnei kamPa q simh plhroforDa sgetik® me touc pneOmonec
kai apomakrOnei apo thn epBteuxh tou skopoO autoO tou peirmatoc . Fusik™ , h paoqg
enic shmebou eisidou pou proérgetai api thn pragmatik m“ska kat™ thn epikOrwsh tou
montélou eDPnai mia mo  kajod ghshc tou montélou , kaj,c h pragmatik m“ska grhsi-
mopoiebtai gia na dhmiourghjeb kai h problepimenh m"ska . Wstiso, aut tan o minoc
tipoc gia to montélo na dhmiou geb m“skec pou ebgan k™poiou ebdouc plhroforba kai
shmasba

Epbshc, axb ei na shmeiw eb iti dokim”sthkan pe issite a api éna shmeba wc ebsodoi
all” den pa gagan kalOte a apotelésmata . Gia pa“deigma , itan dihkan sto ~ SAM dOo
shmeba se éna sOnolo dedoménwn ipwc toCltyScapes , dePgnontac se dOo stoigePa thc Pdiac
kI'shc (autokPbnhta, "n wpoi ), h pa agimenh mska a pe iebge kai ta dOo aut™ stoigeDPa ,
ka .c to montélo katanooOse iti an kan sthn Bdia kl"sh . Auti ebnai éna “llo pa "deigma
tou p.c to montélo den mpi ese na katano sei th sqgésh metaxO twn dOo pneuminwn Kai
p,c autoD ebnai dOo stoigePa thc Bdiac kI'shc . Telik® , to montélo eDge mia mésh loU
a mologba bsh me 13,5% , pou ebnai ligite o api idanik

Wc apotélesma , égine mia akima prosp’jeia kai to montélo ekpaideOthke gia 50 epogeéc,
epitugg'nontac mia meésh loU ajmologba Bsh me 16,8% . Ta apotelésmata parousi“zon-
tai sto 9.16.

442 PAsSAM

Kat" th met” ash se pio dOskola sOnola dedoménwn , Oi periorismob tou SAM éginan em-
anebc. Q ei"sthke ektetaménh ekpabdeush gia na pa "gei apodektéc m“skec , all” akima
duskoleOthke na sumperilbei kai touc dOo pneOmonec itan auti tan anagkabo . Autob
oi periorismob pa ath hkan epBshc api touc dhmiourgoOc tou PAsSAM . Gia na exet’-
soume pe aité w th sumperifor”~ tou montélou , dokim“same epbshc kai to PAsSAM sto
COVID*QU<Ex . 'Opwc abnetai sto 9.18, to PASAM kat” e e na pa“gei m"skec uyh-
| ¢ poiithtac twn pneuminwn grhsimopoi ntac dOo shmeba eisidou qw B¢ thn an"gkh gia
epipleon ekpabdeush . Antbjeta, to SAM antimet_ pise duskolbec , akimh kai me ektetaménh
ekpabdeush, kai apétuge na ekmetalleuteb pollapl® shmeba eisidou

Wstiso , ePnai shmantiki na shmeiwjeb iti to PA*SAM den ekpaideOetai eidik™ gia thn
an’lush iatrik.n eikinwn ipwc oi aktinografbec . Wc apotélesma, den mpo oOse na di-
akrbnei ta molusména tm mata twn pneuminwn kai ant ' autoO diagwrbzei touc pneOmonec
sunolik® . Paila aut®™ , epétuge mia mésh ajmologba IoU 62,3%, xepern ntac thn api-
dosh tou SAM akima kai me ilec tic prosp’jeiec gia ekpabdeush tou

443 MedSAM

Ta apotelésmata tou PAsSAM tan tiso eltiwména pou apofasbsthke na proqwr -
soume éna ma parapera . 'Egine apodekti iti h ek néou ekpabdeush mpo eb na ephre”sei
d astik™ thn poiithta twn mask,n , all” ligw periorism,n stouc upologistikoOc pi ouc
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den mpo ésame na epitOgoume apotelésmata ipwc to  PA*SAM . Wstiso , ti a sumbeD me mia
ékdosh tou SAM pou ePnai sqediasménh eidik™ gia sOnola dedoménwn ipwc to  COVID*QU-s
EX ?

Aut ebnai aki,c h pe bptwsh tou MedSAM , éna montelo ekpaideuméno se peris-
siterec api éna ekatommOrio iatrikéc eikinec . H elpbda ebnai na apodeigjeb iti to SAM
mpo eD na genikeOsei se “gnwstec aktinografbec , an égei ekpaideuteD swst™ . Telik® , to
MedSAM kat™ e e na epitOgei mia mésh  ajmologPa loU 85,1% .

Ta apotelésmata sto  9.19 miloOn api mina touc . Oi m’skec den ePnai mino uyh-
| ¢ poiithtac  , all” ePnai to mino montélo pou kat™ e e na diaforopoi sei to molusméno
tm ma twn pneuminwn mesa sto plabsio eisidou . Antbjeta, to SAM pou dokim“same na
ekpaideOsoume den mpo 0Ose na grhsimopoi sei ta koutia san eDsodo goa thn paragwg
m’skac . Fabnetai loipin itito ~ SAM den mpo eb na antapexéljei se opoiod pote peb ama
gw Bc kajilou sgetik ekpabdeush

4.4.4 CLIPSeg

To epimeno ma ePnai na doOme an to CLIPSeg a knei kalOte h doulei® . Pin xek-
in sei h diadikasba ekpabdeushc , égine mia éreuna gia na prosdioristeD to kalOte o keb-
meno eisidou gia aut n thn pe bptwsh . Met" api dokiméc sunduasm,n protrop,n ipwc

"pneOmonet, "aktinografba ", " , akac

, se me ikéc eikinec , kajorDsthke iti h kalOte h
tan apl,c  "pneOmonet. Ta apotelésmata api to proekpaideuméno montélo me autn
thn protrop tan usik™ anepa k , all” ékane to montélo na sugklPbnei p oc thn peri-
oq twn pneuminwn thc aktinografbac , antDjeta me “llouc sunduasmoOc protrop,n pou
dokim®sthkan . Sugkekriména , to montélo "nhke na katanoeb ton énnoia thc aktinografbac ,
all” itan h protrop "aktinografba " di hke se auti , akimh kai itan sundu”zetai me lex-
eic ipwc "pneOmonet, den mpo 0Ose na esti“sei stouc pneOmonec . AntDjeta, epést e e thn
oliklh h eikina wc m"ska . Auti debgnei iti to montélo ebge mia katanihsh tou ti ebnai
mia aktinografba , all” h paoq aut c thc Iéxhc wc eisidou , akima kai itan sundu”zetai
me léxeic ipwc "pneOmonet, odhgeb se anikanithta estbashc stouc pneOmonec. Ant' autoQ,
epist € ei mia m"ska pou periéqei oliklh h thn periog tou , aka

Me aut™ sto nou , to montelo ekpaideOthke se gbliec aktinog aPec , ligw pe ioism,n
upologistik ¢ isqgQoc  , gia 20 epogéc.

Met™ api auti , to néo montelo grhsimopoi jhke se éna sOnolo eléggou pou apoteloO-
tan api perissiterec api 2 gili"dec aktinografbec , epitugg'nontac éna méso Sko loU Bso
me 14,5% , to opobo den ebnai idaniki. 'Opwc abnetai sto 9.20, oi problepimenec m“skec
den epitOggane ton stiqo . Ephreazitan api ptugéc thc aktinografbac pou den eBgan kampa
sgésh me touc pneOmonec kai, antDjeta me to SAM , den aPnetai na esti"zei kan se éna
pneOmona Wc apotelesma , h aOxhsh twn epog,n ePnai éna logiki epimeno ma

Met™ api 50 epogec ekpabdeushc to CLIPSeg pétuge méso Sko loU Bso me21,1% sto
sOnolo elégqou . Api ta apotelésmata pou pa ousi” ontai sto 9.21, abnetai iti to montélo
kinoOtan p oc th swst kateOunsh  , all” den mpo oOse na antilh eb tic dia o éc pou
em anb oun oi mheugieDc pneOmonec Epipléon , aPnetai iti oi pio wteinéc pe iogéc thc
aktinog abac , ipwc h peiog tou stom™qou kai to sté no , I'ptoun to montélo , ka,c
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apodbdei uyhlite h pi anithta se autéc tic pe iogec , K’'nont"c to na diagw B ei mé h thc
aktinog a Bac pou den ebnai sgetik™ me to peb ama

445  Sqilia

Ebnai profanéc iti h diadikasba ekpabdeushc tou  SAM den ebqe to idaniki apotélesma .
Ta apotelésmata , tiso api ta paradeDgmata m“skac iso kai api ta sko sto sOnolo test
dedomeénwn apokalOptoun mia sobar pt,sh sthn poiithta se sOgkrish me ta prohgoO-
mena peirmata . Pa” ta uposgimena apotelésmata , abnetai iti den tan se ésh na
anigneOsei tic mik &c diaforéc twn mh ugi,n pneuminwn , me apotélesma na up’rxei mia
pt,sh thc poiithtac thc m”skac kat” méso i o . Epipléon , abnetai iti to montélo esti"zei
perissitero sth pleu ~ tou pneOmona pou to kajodhgeb to shmebo eisidou . Wc apotelesma,
up“rgei mia shmantik diafor” sthn poiithta thc m“skac kat” th sOgkrish 20 me50 epo-
q,n ekpabdeushc, all” to sko pou epituggnetai ePnai akimh pol® gamhli epeid den
diaq,rise ta mé h endiaférontoc kai h m”ska pou p oékuye ebnai K'ti diaforetiki api to
htoOmeno.

To Bdio mpo eb na eipw eD kai gia to CLIPSeg . To gegonic iti tiso to sOnolo dedoménwn
iso kai ta kebmena pou peiégaan tic m"skec tan neec plh oo bPec gia to CLIPSeg
em anb etai p agmatik™ sta telik™ apotelésmata . To montélo den ebge mino duskolbec sta
mh ugi meé h twn pneuminwn , all” dhmioO ghse epBshc kak,c pe ig amménec m’skec gia
pneOmonec pou tan ugiebc EPnai endia @ oniti , ipwc sto Corsica Fires, to loU score pou
epitugq netai ePnai megalOte o api auti tou SAM, all" oi m"skec abnetai na sugklbnoun
pe issite 0 p oc thn peiog twn pneuminwn itan g hsimopoiebtai to SAM . Epbshc, to
CLIPSeg “nhke na eph e” etai pe issite o api peiogec ektic twn pneuminwn , ka ,c
den mpo oOse na g hsimopoi sei thn eDsodo gia na kent " ei swst™ th m“ska sto shmebo
endia é ontoc

'Olec autéc oi pa ath seic , odhgoOn sto sumpé asma iti itan p ikeitai gia pei "‘mata
gia ta opoPa ta montéla égoun mhdenik gn_ sh kai a 0 oOn sOnola dedoménwn dia o etik”

api aut” pou ta montéla éqoun sunhbsei , apaitebtai mia pio d astik allag gia na
p oseggbsoume apotelésmata tiso kal” iso aut™ pou pa ath hkan me ta CityScapes
kai Corsican Fires. Auti to sumpé asma enisqQOetai pe aité w api ta apotelésmata tou PAs

SAM kaitou MedSAM . H eltivménh p oséggish tou p ,tou od ghse se m“skec kalOte hc
poiithtac qw Bc thn an"gkh ekpabdeushc , en, to deOte o tan to monadiki montélo pou
kat” e e na diagw Dsei ta ~ wsta mé h twn pneuminwn api ta ugi
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Sumpe “smata kai mellontik doulei

5.1 Sumpe “smata

5.1.1 SAM

Ta pei "mata pou pa ousisthkan p ohgouménwc deBgnoun p,c o tOpoc tou sunilou
dedoménwn mpo eb na eph esei thn poiithta twn m“skwn pou dhmiou geb to montélo . 'Oso
pe issite 0 dia @ oun oi eikinec api autéc pou ekpaideOthke to SAM , tiso geiiteh
tebnei na ebnai h poiithta twn pa agimenwn mask,n

Sugkek iména , paath hke iti to SAM mpo eb na dhmiourg sei m“skec uyhl ¢
poiithtac qw Bc thn an“gkh Finestuning gia sOnola dedoménwn me astik ematologba
Sth sunégeia , all*zontac ton tOpo tou sunilou dedoménwn , me to Corsican Fires , eis gage
thn an"gkh gia Finestuning gia na dhmiou gh oOn apodekt™ apotelésmata . Téloc, hq sh
exeidikeuménwn iatrik,n sunilwn dedoménwn édeixe iti akimh kai met” api Finestuning ta
apotelésmata mpo eb na ePnai enbote epitughména anepitug , an’loga me to piso dOskolo
ebnai to sOnolo dedoménwn

AxD ei na shmeiwjeb iti ta gamhl” sko pou epitugq nontai api to SAM den antikatop-
trbzoun ak i ,c thn poiithta twn mask,n pou par"gontai to dunamiki tou montélou me
autoOc touc tOpouc twn iatrik,n sunilwn dedoménwn . Gia pa “deigma , pailo pou to mon-
telo den diag,rise ila ta mitogindria mésa se mia eikina , aut” pou ekane tan leptomer,c
tmhmatopoihména. H poiithta twn mask,n debgnei iti to SAM égei i,ti grei"zetai gia na
m’jei ta garakthristik® twn mitogindriwn kai th dunatithta gia eltbwsh me pe aité w
prosarmogéc sth diadikasba ekpabdeus ¢ tou , Bswc me k'poia pio emeli,dh allag api
thn allag upe epaametwn .

'Ena p "gma ePnai sPgouro : ta sumper smata pou prokOptoun api aut n thn ergasba
gia to SAM ebPnai sOmfwna me touc periorismoOc tou montélou , ipwc pa ousi'sthkan
api touc dhmiourgoOc tou . Sugkekriména, to SAM den eltistopoi hke eidik™ gia na
petugabnei uyhl” sko se sugkekriména peir'mata tmhmatopobhshc . To gegonic itidhmiou g hke
gia na kalOyei éna eu O “sma efarmog,n kai me dunatithtec epexergasbac se pragmatiki
g ino shmabnei iti den a mporései na epitOgei ta sko pou mpo oOn na epitOgoun “lla
montéla pou ebPnai pio eidikeumena pio upologistik™ apaithtik™

'Ola aut™ ta sumpe “smata gbnontai akima pio sa itan lam "noume upiyh p,c
gei Bsthkan tic aktinog aPectou  COVID*QU*EX ta PA*SAM kai MedSAM . EPnaip o anéc
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iti “lloi e eunhtéc pou pei amatbsthkan me to SAM anak’luyan iti oi dunatithtec tou
montélou se pei "mata gia ta opoba éqei mhdenik gn,sh ebnai pe io isménec kai up™ qoun
pe ipt,seic ipou apaitebtai dia o etik a qgitektonik p oséggish akima kai an"gkh

gia ekpabdeush tou montélou ek néou , p okeiménou na Ih oOn apodekt™ apotelésmata

5.1.2 CLIPSeg

Taapotelesmatagiato CLIPSeg ebnai parimoia me aut” giato SAM, kaj,c pa ath hke

iti iso perissitero “llaze o tOpoc twn dedoménwn api aut” pou gnwrbzei to montélo , tiso
perissitero pé tei h poiithta twn mask,n . Autéc oi parathr seic ePnai xan~ sOmfwnec
me touc periorismoQOc tou montélou , ipwc parousi"zontai api touc dhmiourgoOc sto [7].

Autob paradéeqontaiitito  CLIP antimetwpbzei duskolbec me ektic katanom ¢ dedomena kai h
apidos tou mpo eb na upobajmisteD shmantik® , plhsi"zontac thn tugaiithta . Epipléon
to CLIP den antimetwpbzei apeujebac auti to pilhma , all” asbzetai sthn upijesh iti
to ektetaméno kai poikPlo sOnolo dedoménwn ekpabdeus ¢ tou kalOptei ilec tic pijanéc
katanoméc dedoménwn Auti den isqOei imwc gia exeidikeuména iatrik® sOnola dedoménwn
exaitbac thc pt,shc sthn poiithta twn mask, n

'Ena “llo endiaferon shmebo ebnai iti to  CLIPSeg xepé ase to SAM sta sko loU
se ila ta peirrmata pou dokim’sthkan se aut n thn ergasba . Pa” taOta , oi m'skec
pou dhmiou g hkan api to CLIPSeg kat™ th di" keia thc diadikasbac “nhkan na eb-
nai geiite a sqediagrafhménec  , dhmiourg,ntac apotelésmata pou abnontai geiite a
sto anjrpino mti . Auti ePnai idiaDtera emfanéc sta iatrik® sOnola dedoménwn , ipou
to CLIPSeg dhmiou geD polO gontrokommeénec m'skec , all” den g nei tiso polléc plhro-
orbec iso to  SAM pou epikentr netai se éna pneOmona éna mitogindrio th 0"~ . 'Etsi,
akima kai an oi m"skec tou CLIPSeg abnontai geiiteec , to loU ao” thn epik’luyh
pizel metaxO thc pragmatik ¢ m"skac kai thc problepimenhc . Giaautitoligoto CLIPSeg
abnetai upe isqOei .

5.2 Mellontik Doulei”

521 SAM

'Htan profanéc api thn prohgoOmenh su thsh iti h megalOte h adunamba tou SAM
tan h uperbolik estbas tou sto antikeBbmeno pou debgnetai api thn eDsodo kai h adunamba
tou na anagnwrbsei “lla antikeBPmena thc Bdiac kl"shc sthn eikina . Auti to pilhma
phg” ei api ton tOpo thc eisidou pou lamb’nei to SAM, ton tipo me ton opobo to an-
tilamb™netai kai ton tipo me ton opobo ex"gei plhroforbec api aut gia to ti p eépei na
diakrijeb . Wc apotélesma, éna logiki epimeno ma gia th eltbwsh thc apidoshc tou SAM
se exeidikeumeéna sOnola dedoménwn a tan na peiramatisteD me ton t ipo pou antimetwpbzei
thn ebsodi tou kai th plhroforba pou ex"gei api tic eikinec

Kai “lloi egoun katal xei ston Bdio sumpé asma kat”™ th dokim tou SAM Kkai étsi égoun
dh anadujeb & ga gia ton tipo eltbwshc autoO tou stoigeDou . Eidikitera , sto [10], pro-
tebnetai mia “llh parallag tou SAM, pou onom’zetai PAsSAM. Se aut n thn parallag ,
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to montélo elti,netai prosjétontac éna néo epbpedo to opobo exgei pio leptomerebc plhro-
orbec api tic eikinec pou dbnontai sto montélo . 'Etsi, epit épetai sto montélo na ebnai pio
euabsjhto se dOskolec periogéc thc eikinac , pou grei“zetai perissiterec plhroforbec gia

na tmhmatopoi sei swst™ . Autéc oi plhroforbec ePnai pou a per‘soun sth sunégeia mesa

api ton apokwdikopoiht m~skac tou SAM gia na elti soun tic prokOptousec m’skec
AutoO tou eBdouc oi néec enallaktikéc sthn a gitektonik tou montélou , €"’n sunduastoOn
me epa k ekpabdeush sta kat'llhla sOnola dedoménwn , ipwc ekane to MedSAM sto [11],

a oh soun to montélo na epitOgei néa Oyh ston tomeéa thc tomog ~ hshc eikinwn

5.2.2 CLIPSeg

'‘Osonao”sto CLIPSeq, to p "gma pou mebwse shmantik™ thn poiithta thc problepi-
menhc m”skac tan o tipoc me ton opobo oi m“skec tan asa ,c kajorismenec , akima kai
itan p ikeitai gia dedoména pou mpo eb na geiristeb arket” kal® , Ipwc oi wtiéc

Woc apotélesma, h mellontik ergasba p'nw sto CLIPSeg a p épei na epikentrwjeb
sto na dbnei perissiterh p osoq stic leptomeéreiec tou perigr"mmatoc twn antikeiménwn
Qrei“zetai pio iik allag ston tipo me ton opobo to montélo metatrépei thn plhro-
orba thc eikinac se ténsorec . H proséggish autoO tou probl matoc ipwc to PAsSAM
antimet,pise touc periorismoOc tou SAM mpo eb na ebnai to kleidb gia th eltbwsh tou
montélou sunolik™
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Chapter m

Theoretical Background

The purpose of this section is to analyze certain theoretical concepts that will be
mentioned across this work and play a major role in understanding the models or the
problems they try to solve.

6.1 Image Segmentation

The history of image segmentation in machine learning is closely intertwined with the
evolution of computer vision as a eld. Image segmentation, the process of partitioning
an image into multiple segments or regions, has been a fundamental task in computer
vision with various applications ranging from medical imaging to autonomous driving.

6.1.1 Semantic Segmentation

Semantic segmentation is a computer vision task that involves assigning a label to
each pixel in an image, where the label indicates the object or region to which the pixel
belongs. In other words, the goal of semantic segmentation is to generate a segmentation
map per pixel accurately describing the objects and regions within an image. [1]

Semantic segmentation poses a challenge because objects can vary signi cantly in
shape, size, and appearance, and may be partially occluded or overlapped by other objects
in the image. Additionally, images may contain multiple objects or regions that overlap or
are adjacent to each other, making the precise segmentation of individual objects di cult.

The advent of deep learning, particularly convolutional neural networks (CNNs), revoe
lutionized semantic segmentation. These approaches typically use CNNs to learn a mape
ping from the input image to the output segmentation map. The CNN consists of a series
of layers designed to extract increasingly abstract features from the input image. The
output of the CNN is then processed by a decoder, which produces the nal segmentation
map.

One of the key advantages of using CNNs for semantic segmentation is their ability
to capture highelevel features that are useful for distinguishing between di erent object
categories. For example, CNNs can learn to recognize shapes and texture properties of
various objects, as well as the spatial relationships between objects in the image.

For accurate object segmentation in the image, it is important to consider both local
and global contexts. The local context refers to the relationship between neighboring
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pixels, while the global context refers to the relationship between di erent regions of the
image. Deep learningsbased approaches for semantic segmentation often use a combinas
tion of techniques to capture both local and global contexts. These techniques include
pooling and convolutional layers operating at di erent scales, skip connections allowing
information propagation between dierent layers of the network, and spatial pyramid
pooling, which captures features at multiple scales.

The performance of semantic segmentation models is typically evaluated using metrics
such as Intersection over Union (loU), Precision, Recall, and the Flescore. These metrics
provide a quantitative measure of how well the model is able to segment objects in the
image.

In summary, semantic segmentation is a challenging computer vision task that ine
volves assigning a label to each pixel of an image. Deep learningsbased approaches for
semantic segmentation have achieved statesofethesart performance on a variety of benche
mark datasets and have numerous applications in elds such as autonomous driving,
robotics, and medical imaging.

Figure 6.1. A typical semantic segmentation pipeline. For every single image, patches of
the image called windows are extracted and those windows are classi ed. The resulting
semantic segmentation can then be re ned. [1]

6.1.2 Instance Segmentation

Instance segmentation is a complex task in computer vision aiming to simultaneously
classify and segment each individual instance of an object in an image. In contrast to
semantic segmentation, which assigns a common label to all pixels belonging to a speci c
object category, instance segmentation generates unique labels for each object instance
present in the image. The output of object segmentation is a binary mask precisely
outlining the boundaries of each object in the image. [2]

The task of object segmentation is quite challenging as it requires the model to accue
rately distinguish between di erent instances of objects belonging to the same class. This
means that the model must be able to segment individual objects that may have di erent
sizes, shapes, orientations, and poses, as well as objects that may be partially occluded
or overlapped by other objects.
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Figure 6.2. A visualization of the di erence between Semantic (left) and instance (right)
segmentation. [2]

Deep learningebased approaches have shown promise in addressing the instance sege
mentation problem. These approaches typically employ a twoestage process consisting of
region proposal and segmentation. In the rst stage, a Region Proposal Network (RPN) is
used to locate candidate object regions in the image. The RPN generates a set of proposal
bounding boxes likely to contain objects of interest. In the second stage, a segmentation
network is used for classifying and segmenting each candidate region. The segmentation
network takes the proposed regions generated by the RPN and produces an instanceslevel
segmentation mask for each proposal.

To capture both local and global context, instance segmentation models usually eme
ploy a combination of techniques such as multisscale feature extraction, skip connections,
and feature pyramid networks. These techniques enable the model to extract highelevel
features that can help distinguish between di erent instances of objects and improve the
accuracy of instance segmentation.

The performance of instance segmentation models is typically evaluated using metrics
such as Average Precision (AP) and Average Recall (AR). AP measures the precision of
object detection and segmentation, while AR measures the model's ability to detect all
instances of an object class. These metrics are commonly used to evaluate the perfore
mance of instance segmentation models on reference datasets, such as COCO [18], which
contain a large number of object instances in complex scenes.

Overall, instance segmentation is a challenging task in computer vision that res
quires the model to accurately distinguish between di erent instances of objects in an
image. Deep learningsbased approaches have achieved signi cant performance on refe
erence datasets. Instance segmentation has numerous applications in elds such as
autonomous driving, robotics, and surveillance. Further research is needed to improve
the accuracy and e ciency of instance segmentation models and to extend their capabile
ities to handle more complex and dynamic scenes.

6.1.3 Panoptic Segmentation

Panoptic segmentation is a demanding computational vision process that requires a
model to perform both semantic and instance segmentation simultaneously on an ime
age. The goal is to create a uni ed imageslevel segmentation mask that combines both
semantic and instanceslevel information. Panoptic segmentation models typically employ
a twoestage process consisting of object detection and segmentation to achieve this task.
The rst stage involves using an object detection network to locate and classify di erent

Diploma Thesis



Chapter 6. Theoretical Background

instances of objects in the image, while the second stage involves using a segmentation
network to create instanceelevel segmentation masks for each detected object instance.

(3]

Figure 6.3. A visualization of the di erent types of segmentation. Panoptic Segmentation
Combines the perspixel class labels of Semantic Segmentation with the pereobject mask and
class labels of Semantic Segmentation. [3]

Similar to instance segmentation, one of the main challenges in panoptic segmentas
tion is the accurate distinction between di erent instances of objects of the same cates
gory. Deep learningebased approaches often involve techniques such as feature fusion
and mask aggregation to combine highelevel semantic information captured by the see
mantic segmentation network with instanceslevel information captured by the instance
segmentation network.

For evaluating the performance of panoptic segmentation models, the Panoptic Quale
ity (PQ) metric is commonly used, which measures the accuracy of the model in create
ing segmentation masks both at the semantic and instance levels. PQ is computed as
the product of two factors: Segmentation Quality (SQ), which measures the accuracy of
instanceelevel segmentation masks, and Recognition Quality (RQ), which measures the
accuracy of semantic segmentation masks.

Panoptic segmentation nds numerous applications in elds such as robotics, aue
tonomous driving, and surveillance. For example, in robotics, panoptic segmentation
can enable robots to navigate and interact with their environment more e ectively by
accurately detecting and localizing objects. In the context of autonomous driving, panope
tic segmentation can be used for realstime detection and tracking of other vehicles and
pedestrians, allowing autonomous vehicles to make safer and more informed decisions. In
surveillance, panoptic segmentation can be used for detecting and monitoring individuals
and objects of interest in largesscale environments.

Despite the progress made in the eld of panoptic segmentation, there is still much
room for improvement. Further research is needed to develop more accurate and e cient
panoptic segmentation models and to extend their capabilities to handle more complex
and dynamic scenes. Additionally, e orts are made to make these models more accessible
and applicable in realeworld scenarios and to address the challenges associated with
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training and deploying largeescale panoptic segmentation models on resourcesconstrained
devices.

6.2 Zeroeshot learning

Zeroeshot learning (([4])) represents a revolutionary approach in machine learning,
empowering models to extend their understanding beyond the con nes of their training
data. Unlike traditional supervised learning methods, which are limited to predicting
within prede ned classes, ZSL enables models to venture into uncharted territory by
recognizing and predicting classes not encountered during training.

The key to ZSL's prowess lies in enriching the model's training with supplementary
information, such as semantic descriptors, attributes, or intersclass relationships. By
incorporating this additional context, the model gains a nuanced comprehension of the
shared characteristics or connections among di erent classes, facilitating its ability to
generalize to unseen categories.

Consider a scenario where a model is trained on a diverse array of animal images but
has never encountered a zebra before. Through ZSL, the model can still discern a zebra
in an image by leveraging its understanding of common attributes among animals, such
as stripes, despite lacking direct exposure to zebra images. 6.4

The signi cance of ZSL becomes apparent in contexts where acquiring labeled data
for all conceivable classes is unfeasible or prohibitively expensive. By equipping models
with the capability to adapt and make informed predictions in novel situations, ZSL
opens doors to unprecedented opportunities for intelligent decisionemaking and problems

solving.

Figure 6.4. zeroeshot learning example. [4]
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6.3 Prompt engineering

Prompt engineering refers to the process of crafting or designing speci c prompts or
instructions given to language models to elicit desired responses or behaviors [19]. These
prompts act as input to the model and guide it toward generating outputs that align with
the user's intentions or tasks.

In the context of language models, prompt engineering involves constructing prompts
in a way that encourages the model to perform certain tasks, answer questions, generate
text with speci ¢ tones, sentiments, or even exhibit forms of reasoning or problemesolving.

The e ectiveness of prompt engineering relies on understanding the model's capabile
ities and limitations and designing prompts that leverage these qualities to achieve the
desired outcomes. Engineers and researchers experiment with di erent prompt formus
lations, structures, and styles to maximize the model's performance for various tasks or
objectives.

For instance, in text generation tasks, prompts can be designed to provide initial
context, include speci ¢ keywords, or pose questions in a way that guides the model to
generate coherent and relevant text. In questioneanswering tasks, prompts might include
a question followed by relevant context to direct the model to provide accurate answers.

The primary bene t of prompt engineering is the ability to achieve optimized outputs
with minimal postegeneration e ort. Al generated outputs can be mixed in quality, often
requiring skilled practitioners to review and revise. By crafting precise prompts, prompt
engineers ensure that Alegenerated output aligns with the desired goals and criteria,
reducing the need for extensive posteprocessing.

Figure 6.5. A visual representation of how prompts can be used to improve a model's
reasoning.

6.4 Embeddings

Image embeddings in machine learning refer to numerical representations or feature
vectors that capture essential information about an image in a condensed form, commonly
used for imageerelated tasks.

Before image embeddings, oneshot encoding was a common method for representing
categorical variables. This unsupervised techniqgue maps a single category to a vector
and generates a binary representation. The process includes creating a vector with a size
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equal to the number of categories, with all the values set to 0. Then, the row or rows
associated with the given ID or IDs is set to 1.

This technically works in turning a category into a set of continuous variables, but
the result is a huge vector of 0s with a single or a handful of 1's. This simplicity comes
with drawbacks. For variables with many unique categories, it creates an unmanageable
number of dimensions. Since each item is technically equidistant in vector space, it
omits context around similarity. In vector space, categories with little variance are not
any closer together than those with high variance. Intuitively, there was a need to be
able to create a denser representation of the categories and maintain some of the implicit
relationship information between items. That's where embeddings come in.

Embeddings are dense numerical representations of realsworld objects and relatione
ships, expressed as a vector. The vector space quanti es the semantic similarity between
categories. Embedding vectors that are close to each other are considered similar. By
using embeddings, models can share learnings across similar items rather than treating
them as two completely unique categories, as is the case with oneshot encodings. For
this reason, embeddings can be used to accurately represent sparse data as features to
downstream models.

These embeddings are powerful because they encode semantically meaningful infore
mation about the image in a lowersdimensional space. Each dimension of the embedding
represents a di erent aspect or feature of the image, allowing for similarities and di ere
ences between images to be quanti ed and compared. On the other hand, embeddings are
much more expensive to compute than onechot encodings and are far less interpretable,
so that is something to keep in mind.

6.5 Sigmoid function

The sigmoid function is a mathematical function with an Seshaped curve [20]. It plays
a pivotal role in neural networks and other machine learning models. Its formula is:

() = e

Figure 6.6. A graph of a sigmoid function.
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The sigmoid function is used as an activation function in neural networks. Just to
review what is an activation function, the gure below shows the role of an activation
function in one layer of a neural network. A weighted sum of inputs is passed through
an activation function and this output serves as an input to the next layer. When the
activation function for a neuron is a sigmoid function it is a guarantee that the output
of this unit will always be between 0 and 1, due to its properties. This ensures that the
output domain is standard, so the end results are always conclusive irrespective of the
input domain.

Another problem solved by the sigmoid function is nonelinear separability. Suppose
a typical classi cation problem, with a set of points in space and each point is assigned
a class label. If a straight line (or a hyperplane in an nedimensional space) can divide the
two classes, then this is a linearly separable problem. On the other hand, if a straight
line is not enough to divide the two classes, then this is a nonelinearly separable problem.

By using a linear activation function in a neural network, then the model can only
learn linearly separable problems. However, with the addition of just one hidden layer
and a sigmoid activation function in the hidden layer, the neural network can easily
learn a nonelinearly separable problem. Using a nonelinear function produces nonelinear
boundaries and hence, the sigmoid function can be used in neural networks for learning
complex decision functions.

Moreover, the only nonelinear function that can be used as an activation function
in a neural network is one which is monotonically increasing. So for example, sin(x) or
cos(x) cannot be used as activation functions. Also, the activation function should be
de ned everywhere and should be continuous everywhere in the space of real numbers.
The function is also required to be di erentiable over the entire space of real numbers.
Consequently, the fact that the sigmoid function is monotonic, continuous and di erene
tiable everywhere, coupled with the property that its derivative can be expressed in terms
of itself, makes it easy to derive the update equations for learning the weights in a neural
network when using a back propagation algorithm.

Lastly, an important hypereparameter for the sigmoid function is the decision threshe
old. As previously stated, When using the sigmoid activation in machine learning The
outputs represent the probability of either outcome 0 or outcome 1. If the predicted probe
ability is greater than the decision threshold, the prediction is class 1. Otherwise, the
prediction is class 0. Depending on the problem, the decision boundary can be set to a
value that can help the model learn from its outputs and increase the quality of them.

6.6 Transformers

Transformer models have achieved remarkable results across various language tasks,
like text classi cation. These successes in Natural Language Processing (NLP) is what led
to e orts to apply these models to vision and multismodal learning challenges.

Transformer architectures rely on a selfeattention mechanism that learns relationships
among elements in a sequence. Their distinctive feature is the multishead attention, which
is optimized for parallelization.
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Compared to convolutional and recurrent models, Transformers require minimal prior
knowledge about the problem structure.Also, while the other models process input piece
by piece, the Transformer processes the whole sequence at once. They are typically pree
trained on largeescale unlabeled datasets using pretext tasks. This prestraining avoids
costly manual annotations and results in highly expressive, generalizable representations
that capture rich relationships among entities. Subsequently, these learned representas
tions are neetuned on downstream tasks in a supervised manner, in order to yield
favorable results.

The Transformer encoder is actually a stack of identical layers(6 layers in [21]). Stacke
ing the encoders, enables to processing the sequence multiple times. The idea behind
stacking is to be able to capture raw properties of the sentence rst. More speci cally,
the rst layers focus on identifying parteofespeech tags, followed by constituents, depene
dencies, semantic roles and coereference. All encoder layers have two subelayers: a)a
multishead selfeattention that processes the input and transmits it to b) a feed forward
neural network.

The decoder consists of the same amount of identical layers as the encoder. Each
decoder layer includes the same two subelayers, as the encoder. In addition, the decoder
introduces a third subelayer that performs multishead attention over the encoder stack's
output. Additionally, the selfsattention subelayer in the decoder is modi ed to prevent
positions from attending to subsequent positions. This masking, combined with the
o set of output embeddings by one position, ensures that predictions for a given position
only depend on known outputs at positions preceding it.

Figure 6.7. The transformer model architecture. [5]

Diploma Thesis



Chapter 6. Theoretical Background

6.6.1 SelfeAttention

Selfeattention is a mechanism that allows a token (or word) within a sequence to weigh
its importance in relation to other tokens in the same sequence [5]. It's particularly pows
erful for capturing contextual information and modeling dependencies between di erent
parts of the input (e.g., which words are likely to come together in a sentence).

The selfeattention mechanism is an integral component of Transformers, which explice
itly models the interactions between all entities of a sequence for structured prediction
tasks. Basically, a selfeattention layer computes a weighted sum of the token represene
tations, where the weights are determined by their relevance to each other and captures
contextual information by attending to all the parts of the input sequence.

Let's assume a sequence of n entities  (x1;x2;x,), where X 2 R™ and d is the embeds
ding dimension to represent each entity. Each token is associated with three vectors:

" Query (Q) : Represents the token we want to compute attention for.

Key (K) : Represents other tokens in the sequence.
~ Value (V) : Provides the value associated with each token.

So, the input sequence X is projected onto the weight matrices of each vector like so:
Q=XW® K=XWKand V=XWV. The output sequence Z would be equal to:

Z = softmax (%%)V.

The attention score between the query token and each key token is calculated using
dot product similarity. The scores are normalized using the softmax function to obtain
attention weights. Finally, the weighted sum of value vectors is computed using these
attention weights.

Figure 6.8. An example selfeattention block. Given the input sequence of image features,
the triplet of (key, query, value) is calculated followed by attention calculation and applying
it to resweight the values. A single head is shown here.[5]

The main di erence of selfeattention with convolution operation is that the lters are
dynamically calculated instead of static lters (that stay the same for any input) as in
the case of convolution. Further, selfeattention is invariant to permutations and changes
in the number of input points. As a result, it can easily operate on irregular inputs as
opposed to standard convolution that requires grid structure.
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Masked SelfsAttention

The standard selfeattention layer attends to all entities. For the Transformer model
which is trained to predict the next entity of the sequence, the selfsattention blocks used
in the decoder are masked to prevent attending to the subsequent future entities [5]. This
is simply done by an elementswise multiplication operation with a mask M 2 R™ where
M is an upperstriangular matrix.

In this case, the masked selfeattention is de ned as :

softmax (%% M)V, where denotes the Hadamard product.

MultieHead SelfsAttention

In the Transformer, selfsattention is enhanced by using multiple heads . In order to
encapsulate multiple complex relationships amongst di erent elements in the sequence,
each head independently learns di erent attention patterns and focuses on di erent ase
pects of the input. These heads operate in parallel and the output of each head is
concatenated and linearly transformed to produce the nal attention output. In [21] the
multishead attention comprises of 8 selfeattention blocks. Much like the case with simple
selfeattention, each block has its own set of learnable weight matrices w(Q)), wik;) and
W(Vi). So for an input X, the output of each selfsattention block is concatenated into a

single matrix Z; and projected onto the weight matrix W.

6.6.2 SelfeSupervised PresTraining

Selfeattentionsbased Transformer models typically follow a twoestage training process.
First, they undergo prestraining on a largesscale dataset. Later, the prestrained weights
are nestuned for speci ¢ downstream tasks using smaller to mediumesized datasets.

The challenge lies in obtaining manual labels for a massive amount of data, which can
be cumbersome. To address this, selfesupervised learning has proven highly e ective dure
ing the preetraining stage. By leveraging selfesupervision, Transformer networks achieve
scalability and generalization, allowing them to learn from abundant, readily available,
noneannotated data.

The original Transformer model in [21] was trained for the Machine Translation task.
In machine translation, the goal is to convert text from one language (source language)
into another (target language). The encoder processes a sequence of words (a sentence)
in one language. To account for word positions, positional encodings are added to the ine
put sequence. These encodings, with dimensions matching the input size (typically 512),
capture the relative positions of words. They can be either learned during training or
preede ned using functions like sine or cosine. As for the decoder, as an autoeregressive
model, it generates the next word in the translated sentence based on previous predice
tions. The decoder takes input from both the encoder and its own previous outputs.
By combining information from the source language (encoder) and the context it has
generated so far, the decoder predicts the next word in the target language.
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6.6.3 Large Data Requirements

Transformer architectures, unlike Convolutional Neural Networks (CNNs), do not ine
herently incorporate speci ¢ biases or prior knowledge to handle visual data. As a cone
sequence, Transformers often require extensive training to learn the underlying rules
speci ¢ to the modality they are dealing with.

For instance, a CNN bene ts from builtein properties such as translation invariance,
weight sharing, and partial scale invariance due to pooling operations and multiscale
processing blocks. In contrast, a Transformer network must discover these imagesspeci c
concepts independently from the training examples. Consequently, this leads to longer
training times, higher computational demands, and the need for large datasets.

To mitigate these challenges, practitioners often employ data augmentation techniques
to enhance the performance of Transformer models when handling visual data. These
techniques help the model generalize better and learn the necessary inductive biases for
e ective image processing.
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State of the art models and Methodology

In this section we present the models that will be tested later in this work. Segment
Anything Model and CLIPSeg are considered stateeofstheeart in their respective domains,
especially with the zeroeshot capabilities they have displayed. After that, we present the
methodology that will be followed to test them on certain datasets.

7.1 Segment Anything Model (SAM)

Large language models prestrained on webescale datasets, transformed natural lane
guage processing with remarkable zeroeshot and fewesshot capabilities. They have now
extended their impact beyond trained tasks and data sets. These models, trained on exe
tensive webebased corpora, showcase impressive adaptability through prompt engineers
ing, where tailored prompts guide the model to generate relevant responses for diverse
tasks.

While signi cant advancements have occurred in vision and language encoders, nue
merous computer vision challenges lack su cient training data. As a result, there is
a need for creating a foundational model for image segmentation. This entails crafting
a promptable model and preetraining it on a diverse dataset, using a task that fosters
robust generalization.

One such model is SAM (Segment Anything Model [6]), a deep learning model designed
for semantic image segmentation tasks. It is characterized by its ability to segment ime
ages into di erent classes or categories, understanding the spatial relationships between
various objects within the image and the fact that it enables promptable segmentation.
The approach of SAM is analogous to how other foundation models are used, e.g., how
CLIP is the textsimage alignment component of the DALL<E image generation system [7].

The creators of SAM established a segmentation task that is adaptable enough to
serve as a robust pretraining objective and facilitate various downstream applications.
This task necessitates a model capable of dynamic prompting and realstime generation
of segmentation masks, enabling interactive utilization. To e ectively train the model,
access to an extensive and diverse dataset is required, which was not readily available on
a webescale basis for segmentation tasks. To counter this limitation, the authors develop
a "data engine” strategy. This involves a cyclical process wherein their e cient model aids
in data collection, and subsequently, the newly acquired data enhances and re nes the
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model itself.

Figure 7.1.  An overview of Segment Anything Model's architecture.[6]

7.1.1 Architecture

The model architecture intricately combines various components to process input
images and prompts for generating valid masks.The architecture comprises of three main
components: an image encoder, a prompt encoder and a mask decoder, while the prompts
it can handle are of three di erent kinds: text, bounding boxes and points.

The architecture comprises an image encoder processing 1024x1024 images, cone
densing them into a 64x64, 256+«channel feature map. A prompt encoder handles various
prompts (text, bounding boxes, points), embedding them into vector embeddings. The
mask decoder layer merges these embeddings, producing three segmentation masks cape
turing nested depth levels of segments. These masks accommodate ambiguous prompts,
like distinguishing between parts of a scissor.

Starting with the image encoder,a Masked Auto Encoder (MAE) preetrained Vision
Transformer (ViT) [22] takes the 1024x1024 input image and condenses it into a 64x64,
256¢channel feature map, which is the image embedding. To reduce the channel dimene
sions it uses a 1 O1 convolution to get to 256 channels, followed by a 3 O3 convolution
also with 256 channels [23].

The prompts encoder maps the input prompts to 256«dimensional embedding vectors.
Input points are represented by the sum of the positional embedding of the points position
and the embedding that indicates whether the point is in the foreground or not. Bounding
box prompts are represented by the pair of the positional encodings of the box's corners.
Text prompts are encoded using the text encoder from a prestrained CLIP model, delivering
con dence values for imagescaption pairs via contrastive learning [24].

The mask decoder module maps the image and prompt embeddings to an output
mask. It was based on a standard Transformer decoder from [21]. SAM uses a twoelayer
decoder. Each decoder layer performs selfeattention on the prompt embeddings and crosse
attention from prompt embeddings to the image embedding and viceeversa. This step
updates the image embedding with prompt information to enhance context awareness
and mutual understanding between prompts and images. Through multiple iterations
and attention layers, the nal prompt and image embeddings interact, upscaling image
embeddings to a 512x512, 256+-channel space while extracting mask embeddings for nal
mask generation. MLP layers map these embeddings for mask generation, trained using
focal and dice loss functions. Separate MLPs predict loU scores for each mask, aiding in
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model evaluation and training.

Figure 7.2.  Details of the lightweight mask decoder. A twoelayer decoder updates both
the image embedding and prompt tokens via crosseattention. Then the image embedding is
upscaled, from which the updated output tokens are used to dynamically predict masks.[6]

7.1.2 Ambiguitysaware Model

A single prompt may be ambiguous in the sense that it could corresponds to multiple
valid masks, and the model will learn to average over these masks. To eliminate this
problem SAM was modi ed to predict multiple masks simultaneously. By default SAM
predicts three masks, since it was observed that three layers (whole, part, and subpart)
were usually enough to describe nested masks, as seenin 7.1

To minimize computation of degenerate losses at training and ensure the single uname
biguous mask receives a regular gradient signal, SAM only predicts a single mask when
more than one prompt is given. This is accomplished by adding a fourth output token for
an additional mask prediction. This fourth mask is never returned for a single prompt
and is the only mask returned for multiple prompts.

7.1.3 Segment Anything Data Engine

While working on SAM Model, the creators found that existing datasets were not
abundant for the zeroeshot capabilities they wanted to achieve with SAM. As a result,
they created the Segment Anything Data Engine, in order to collect the right amount and
quality of data.

The rst stage of the data engine was the AssistedeManual Stage . During the initial
stage, akin to traditional interactive segmentation methods, a team of professional ane
notators labeled masks by selecting foreground/background points through a browsere
based interactive segmentation tool powered by SAM. The tool allowed re nement of
masks using pixeleprecise "brush" and "eraser" tools. Realstime modeleassisted annotae
tion was conducted directly within a browser, leveraging precomputed image embeddings
for an interactive experience. Annotators were encouraged to label objects they could
identify without collecting corresponding names or descriptions. They prioritized labeling
objects by prominence and moved to the next image if annotation exceeded 30 seconds.
SAM underwent initial training using common public segmentation datasets, followed by
retraining using newly annotated masks. As the dataset expanded, the image encoder
transitioned from ViTeB to ViTeH, accompanied by architectural adjustments through
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six model retrainings. With SAM's re nement, the average number of masks per image
surged from 20 to 44, culminating in the collection of 4.3 million masks from 120,000
images during this stage.

The next stage of the data engine was the SemicAutomatic Stage . In this stage,
the objective was to enhance the diversity of masks, to improve the model's segmentation
capabilities across various objects. To direct annotators' attention towards less prominent
objects, con dent masks were rst automatically detected. Subsequently, annotators
were presented with images pree lled with these masks and tasked with annotating any
additional unmarked objects. Con dent masks were identi ed by training a bounding
box detector on all masks from the initial stage. Throughout this stage, an additional 5.9
million masks were collected across 180,000 images, bringing the total to 10.2 million
masks. Similar to the rst stage, the model was periodically retrained on newly acquired
data (ve times). The average annotation time per mask increased to 34 seconds due
to the increased complexity of labeling these objects. The average number of masks per
image rose from 44 to 72, inclusive of the automatic masks.

The last stage of the data engine was the  FullysAutomatic Stage . In the nal stage,
annotation became fully automatic, facilitated by two signi cant enhancements to the
model. Initially, the model had amassed a substantial collection of masks, considerably
improving its performance, incorporating diverse masks from previous stages. Secondly,
by this stage, the ambiguitysaware model had been developed, enabling the prediction
of valid masks even in ambiguous scenarios. Speci cally, the model was prompted with
a 32032 regular grid of points, predicting a set of masks corresponding to potential
valid objects for each point. With the ambiguitysaware model, if a point intersected
a part or subpart, the model returned the subpart, part, and entire object. The loU
prediction module aided in selecting con dent masks, while stable masks were identi ed
and selected based on similar results when thresholding the probability map. Following
the selection of con dent and stable masks, nonemaximal suppression (NMS) was applied
to eliminate duplicates. Additionally, to enhance the quality of smaller masks, multiple
overlapping zoomede+in image crops were processed. Fully automatic mask generation
was applied to all 11 million images in the dataset, resulting in the production of 1.1
billion highequality masks.

7.1.4 Segment Anything Dataset

The 11 million images and 1.1 billion masks created during the process described
above were used to create the SA*1B dataset [25]. These images have the highest resolue
tion of any other dataset created for similar purposes (3300x4950 on average). Common
themes of the images include: locations, objects, scenes.

As for the masks, they range from large scale objects such as buildings to ne grained
details such as door handles. 99.1% of them were generated fully automatically, so a
guality assurance was important. For that purpose, 500 random images were sampled
and professional annotators were asked to improve the quality of the masks associated
with these images. The writers found that 94% of the improved masks had a loU score

Diploma Thesis



7.1.4 Segment Anything Dataset

higher than 90%, which is a way better result than those achieved by similar datasets,
like COCO.

Figure 7.3. Example images with overlaid masks from SA<1B Dataset, with dierent
ranges of masks per image.[6]

Lastly, it is noted that to ensure a diverse dataset, the images were taken from a
variety of geographic locations and contain depictions of di erent age groups, skin tones

and genders.

Figure 7.4. Estimated geographic distribution of SA*1B images, meant to promote the
diversity of the dataset.[6]
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7.1.5 SAM's Automatic Mask Generator

By the end of the creation of the SA*1B dataset, the version of SAM that was used
to generate masks automatically and enhance the dataset had become a separate aue
tonomous model. The model was trained on such a big amount of manual and semis
automatic data that the  Automatic Mask Generator created had zeroeshot capabilities.
The SAM Automatic Mask Generator works by sampling singleepoint input prompts in a
grid over the image, from which SAM predicts as many masks as it can di erentiate. This
preetrained model is di erent than the default SAM, which was trained on automatically
created data, because it can segment the entirety of an image to di erent parts without
the need for a speci ¢ prompt.

Figure 7.5. An example of SAM's Automatic Mask Generator in action.[6]

7.1.6 Limitations

In the broader context of computer vision, SAM was found to demonstrate commende
able performance. However, it is not without limitations. The creators found that SAM
occasionally overlooks ne details and may generate small, disconnected components as
part of the masks [6]. Additionally, its boundary delineation is not as sharp as more
resourcesintensive methods.

While SAM caters to a wide range of applications, it is not speci cally optimized for
high Intersection over Union interactive segmentation. Despite its realstime processing
capabilities, SAM's overall performance may not be realstime when utilizing a heavy image
encoder.

Finally, it is essential to acknowledge that domainespeci c tools may surpass SAM in
their respective specialized domains.
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7.2 Contrastive LanguagesImage Prestraining (CLIP)

CLIP (Contrastive Languageslmage Prestraining) is the rst multiemodal (in this case,
vision and text) model tackling computer vision and was released by OpenAl. It can be
instructed in natural language to predict the most relevant text snippet, given an image,
without directly optimizing for the task, similarly to the zeroeshot capabilities of GPTe2
and 3. [7]

In their research, the authors addressed the gap in understanding the behavior of
image classi ers trained with natural language supervision on a large scale. Leveraging
publicly available data from the internet, they curated a novel dataset comprising 400
million (image, text) pairs. The study explored the scalability of CLIP by training a series
of eight models spanning a wide range of computational resources. Remarkably, they
observed that transfer performance was a predictable function of compute. Similar to
the GPT family, CLIP exhibited the ability to perform diverse tasks during prestraining,
including geoelocalization, and action recognition.

To evaluate CLIP's capabilities, the researchers benchmarked its zeroeshot transfer
performance across more than 30 existing datasets. Impressively, CLIP demonstrated
competitiveness with prior taskespeci c supervised models. Additionally, linearsprobe
representation learning analysis con rmed CLIP's superiority over the best publicly availe
able ImageNet model, all while maintaining computational e ciency.

Notably, the study highlighted that zeroeshot CLIP models exhibit greater robustness
compared to equivalent accuracy supervised ImageNet models, emphasizing the impors
tance of zeroeshot evaluation for assessing a model's true capabilities.

Figure 7.6. An overview of CLIP's approach. While standard image models jointly train an
image feature extractor and a linear classi er to predict some label, CLIP jointly trains an
image encoder and a text encoder to predict the correct pairings of a batch of (image, text)
training examples.[7]

7.2.1 The use of natural language

The research team's approach centers around the concept of learning perception
through natural language supervision. They highlight advantages of learning from nate
ural language compared to other training methods with regards to scalability. Natural
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language supervision is easier to scale compared to traditional crowdesourced labeling
for image classi cation. It doesn't require annotations in a speci ¢ machine learninge
compatible format, such as the canonical 1«ofsN majority vote gold label. Instead, methe
ods based on natural language can learn passively from the abundant text available on
the internet. Furthermore, unlike many unsupervised or selfesupervised learning ape
proaches, learning from natural language doesn't merely focus on representation learns
ing. It also establishes a connection between that representation and language, enabling
exible zeroeshot transfer.

7.2.2 CLIP Dataset

In their investigation, the researchers highlighted the limitations of existing datasets
such as MS*COCO and Visual Genome. While these datasets are of high quality, they
fall short in terms of scale, containing approximately 100,000 training photos each In
contrast, other computer vision systems leverage massive datasets, including up to 3.5
billion Instagram photos. However, the metadata associated with Instagram images is
often sparse and variable in quality.

To address this gap, the team Itered the dataset to retain only images with natural
language titles or descriptions in English, resulting in a reduced dataset of 15 million
photos approximately the same size as ImageNet.

The primary motivation for embracing natural language supervision lies in the abune
dance of publicly available data in this format on the internet. Existing datasets do not
fully capture this potential, and evaluating results solely on those datasets would une
derestimate the research possibilities. To rectify this, the researchers curated a novel
dataset comprising 400 million (image, text) pairs sourced from various publicly accessie
ble internet repositories. During the construction process, they speci cally searched for
pairs where the text included one of 500,000 prede ned queries. By class balancing the
results and including up to 20,000 (image, text) pairs per query, they aimed to cover a
broad spectrum of visual concepts. The resulting dataset, known as WIT (WeblmageText),
boasts a total word count similar to the WebText dataset used to train GPTe2.

7.2.3 Data Overlap

When pre-training a model on such a large internet dataset, the writers were concerned
about a possible, unintentional overlap with downstream evaluation data. Investigating
this issue is crucial because, in a worstecase scenario, the preetraining dataset could
inadvertently include a complete copy of an evaluation dataset. Such overlap would
invalidate the evaluation as a meaningful test of generalization. One approach to mitigate
this risk is to identify and remove all duplicates before training the model. However, this
strategy has limitations it requires prior knowledge of all possible evaluation data, which
can restrict benchmarking and analysis. On the other hand, introducing a new evaluation
dataset would necessitate an expensive restraining process or risk reporting unquanti ed
bene ts due to overlap. Instead, they decided to investigate how much overlap occurs
and whether the performance changes due to these overlaps were signi cant.
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For this purpose they created several subsets of the datasets they used, some with
varying percentages of overlap, with the maximum overlap being 21 :5%, and some that
were "clean", meaning they had no overlap at all. The dierence in zeroeshot accuracy
of CLIP on the subset that contains all the images and the subset that contains only the
"clean" ones, is basically the di erence in accuracy due to contamination. The average
overlap from all the subsets used was 3  :2%, while the average shift in overall accuracy
was found to be about 0 :1%. According to the writers, these ndings need not raise
concerns regarding data overlap, since were similar to other duplicate analysis from their
bibliography.

7.2.4 Contrastive learning

Previous models employed a predictive objective, attempting to predict the exact ace
companying text for each image. However, CLIP takes a di erent approach by leveraging
contrastive learning to enhance image representations. The core concept of contrastive
learning involves pulling together representations of similar examples while pushing apart
representations of dissimilar examples.

In a contrastive learning setup, each data point is associated with other data points in
the dataset, forming positive and negative pairs. The objective is to maximize similarity
between positive pairs and minimize similarity between negative pairs in the embedding
(representation) space, typically quanti ed using cosine similarity.

Figure 7.7. A simple example of contrastive learning. In this example the goal is to
maximize the distanse between the rst two samples and the third one, since they are
parts of di erent classes.

The e ectiveness of contrastive learning relies on diverse examples to learn meaningful
representations. CLIP's training on a large dataset grants it access to a wide range of cone
texts, patterns, and variations, allowing it to capture richer and more nuanced features
from the data. Consequently, the authors observed a 4x e ciency improvement in zeroe
shot transfer to ImageNet when they replaced the predictive objective with a contrastive
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one.

7.2.5 Prestraining

In the context of a batch of N (image, text) pairs, the CLIP model is designed to predict
which of the N O N possible pairings (across the entire batch) actually occurred. To
achieve this, CLIP learns a multismodal embedding space by simultaneously training an
image encoder and a text encoder. The goal is to maximize the cosine similarity between
the embeddings of real imagestext pairs within the batch while minimizing the cosine
similarity between the embeddings of incorrect pairings (i.e., pairs that do not correspond
to actual imagestext associations). The optimization process involves using a symmetric
crosseentropy loss based on these similarity scores.

Importantly, due to the ample size of the prestraining dataset, concerns related to
over tting are mitigated. CLIP relies on a linear projection to map each encoder's repres
sentation to the multimodal embedding space.

7.2.6 Architecture

Two di erent architectures for the image encoder were considered. The rst archie
tecture leverages ResNets50 ([26]) as the base model for the image encoder. ResNets50
is widely adopted and has demonstrated strong performance in various tasks. However,
the researchers introduce several modi cations inspired by ResNetsD enhancements to
enhance its capabilities. For the second architecture, they delve into the Vision Transe
former (ViT)[22]. Following a closely aligned implementation, they incorporate a minor
adjustment: the inclusion of an additional layer normalization applied to the combined
patch and position embeddings before feeding them into the transformer.

As for the text encoder used, it is a Transformer [21] with the architecture modi cae
tions described in [24]. As a base size, a 63Mesparameter 12+layer 512swide model with 8
attention heads is utilized. For computational e ciency, the maximum sequence length
is capped at 76. The text sequence is enclosed with [SOS] and [EOS] tokens, and the
activations of the highest layer of the transformer at the [EOS] token serve as the feae
ture representation of the text. This representation is then layersnormalized and linearly
projected into the multiemodal embedding space.

7.2.7 CLIP's Prompt Engineering

In most standard image classi cation datasets, information related to class names or
descriptions essential for natural language*based zeroeshot transfer is often treated as
an afterthought. Typically, these datasets annotate images with numeric labels, which
are then mapped back to their English names.

An additional challenge arises from the fact that in the prestraining dataset, text paired
with images is rarely a single word. Instead, it tends to be a full sentence describing the
image. To address this distribution gap, we discovered that using the prompt template "A
photo of a label.” serves as a good default. This template explicitly indicates that the text
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pertains to the image's content, and it often improves performance compared to using
only the label text. For instance, employing this prompt enhances accuracy on ImageNet
by 1.3%.

Furthermore, we observed that zeroeshot performance can be signi cantly enhanced
by customizing the prompt text for each speci ¢ task. For nesgrained image classi cation
datasets, specifying the category in the prompt proved bene cial. For example, on the
OxfordellIT Pets dataset, using "A photo of a label, a type of pet." provided helpful context.

7.2.8 Limitations

While actual training examples undoubtedly contribute to performance, CLIP does not
directly optimize for feweshot scenarios. Instead, researchers often resort to tting linear
classi ers on top of CLIP's features. Interestingly, this approach leads to a counter intus
itive drop in performance when transitioning from zeroeshot to feweshot settings. Notably,
this behavior di ers from human performance, which typically exhibits a substantial ime
provement from zerosshot to onesshot scenarios. To address this, future research should
focus on methods that combine CLIP's robust zeroesshot capabilities with e cient feweshot
learning strategies.

In the context of neegrained classi cation, CLIP exhibits limitations when di erene
tiating between types of an object, like car models, ower species, or aircraft variants.
Additionally, it faces challenges in abstract and systematic tasks, such as object counting
within images. Despite its strong zeroeshot generalization to many natural image distrie
butions, CLIP still struggles with truly outeofedistribution data and its performance can
degrade signi cantly, approaching randomness. For instance, a basic logistic regression
model trained on raw pixels outperforms zeroeshot CLIP on handwritten digits from the
MNIST dataset. Notably, the absence of MNISTelike images in CLIP's prestraining dataset
highlights the underlying issue of brittle generalization in deep learning models. Rather
than directly addressing this problem, CLIP relies on the assumption that its extensive
and diverse training dataset covers all possible data distributions an assumption that
can be easily violated, as demonstrated by MNIST.

7.3 CLIPSeg Model

The challenge of generalizing to unseen data is essential for various applications in
arti cial intelligence. While humans excel at this task, computer vision systems face
di culties. Image segmentation requires models to output predictions for each pixel,
requiring not only predicting what can be seen but also where it can be found, but
classical semantic segmentation models are limited to training categories.

With that in mind, the CLIPSeg model [8] was created as a versatile tool that can
segment based on text queries or images, surpassing existing multistask benchmarks
like Visual Decathlon. It uses a prestrained CLIP model as a backbone and a thin condie
tional segmentation layer (decoder) to process prompts in text and images. The decoder
is trained to relate activations inside CLIP with output segmentation, minimizing dataset
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bias and maintaining CLIP's excellent predictive capabilities. A generic binary prediction
setting is employed, where a background that matches the prompt must be di erentie
ated from the background. This binary setting can be adapted to multielabel predictions
needed by Pascal zeroeshot segmentation. CLIPSeg achieves competitive performance
across three loweshot segmentation tasks and can generalize to classes and expressions
it has never seen segmentation.

The study uses the visual transformersbased CLIP model as a backbone and extends

it with a small, parameteree cient transformer decoder.

7.3.1 Architecture

The authors propose CLIPSeg, a compact, purelystransformerebased decoder with Ue
Neteinspired skip connections to the CLIP encoder. A single embedding, generated by
CLIP's encoder for a target image, is insu cient to identify precise segmentation masks.
A lot of useful information required by the decoder is not available in the embedding.
However, it is available in the attention activations of the encoder's transformer blocks.
So CLIPSeg opts for a UsNetelike architecture where its three decoder blocks are connected
to three of the vision transformer encoder's blocks. Their attention information enables
the decoder blocks to more accurately infer both nearby and distant spatial and semantic
relationships in the image.

The original CLIP is constrained to a xed image size due to the learned positional
embedding. To enable di erent image sizes, the authors interpolate the positional ems
beddings. To validate the viability of this approach, they compared prediction quality for
di erent image sizes and found that performance only decreases for images larger than
350 pixels. So, in experiments they used a patch size of 16 and projection dimension D =
64. Lastly, the original CLIP was not trained, but used as a frozen feature extractor.

In zeroeshot environments the supplied text prompt is run through CLIP's text encoder
to obtain an embedding vector. Note that this is not a simple image processing operation
of isolating the object using the object mask and then obtaining an embedding for the
isolated object. Instead, the object mask must condition the multishead attention weights
themselves so that attention is restricted to the image patches in the unmasked areas
while ignoring the masked areas.

In CLIP's joint textsimage embedding space is prepared using contrastive pair training,
related textsimage pairs, along with their semantically nearby texts and images, cluster
close to one another. So the embedding for the text prompt will be near to its semantically
related image embeddings. Essentially, CLIPSeg converts the text prompt to its equivalent
visual concept in the form of an embedding.

The target image to segment is run through CLIP's visual encoder network. However,
its goal is not to obtain an embedding for the image. Instead it's interested in the attention
activations of the third, sixth, and ninth encoder blocks to act as sources of skip cone
nections to the decoder blocks. To keep the decoder model light, just these three blocks
were used, but the writers note that more can be added for improved accuracy. More
speci cally, the three transformer blocks of CLIPSeg decoder are:
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7.3.2 Featureewise Linear Modulation (FiLM)

First decoder block : Uses the conditioned features from the previous step and
combines them with the activations from its skip connection to the ninth encoder
block.

Second decoder block : Combines the rst block's activations with the activations
from its skip connection to the sixth encoder block.

Third decoder block : Combines the second block's activations with the activations

from its skip connection to the rst encoder block.

Next, CLIPSeg conditions the last selected encoder block's activations on the prompt
embedding using FiLM. The prompt embedding is used to obtain featureswise weight
as matrices, which are combined with the encoder block's activations through an a ne
transform.

The three transformer blocks output the image patch tokens that constitute the sege
mentation mask for the given prompt. Lastly, these mask tokens are converted to a
binary segmentation mask that's the same size as the target image. This is done using
a transposed convolution layer that upsamples the decoder's mask tokens to a binary

segmentation mask that's the same size as the image.

Figure 7.8. Architecture of CLIPSeg: extending a frozen CLIP model (red and blue) with a
transformer that segments the query image based on either a support image or a support
prompt.[8]

It is worth noting that CLIPSeg is also able to handle images as prompts, but this was

not explored in this work.

7.3.2 Featureswise Linear Modulation (FiLM)

Text or image prompts are additional multismodal inputs that the model must combine
with a target image in some way. Inuencing a model's results in this fashion, with
additional input, is called "conditioning." For example, a popular conditioning technique
for natural language processing (NLP) combines token position embeddings with input text
embeddings. But that approach just in uences the rst layer. Conditioning techniques
that in uence not just the rst but every layer of the model give better results. CLIPSeg
uses one such technique called featureewise linear modulation (FiLM) [27].

FiLM works as follows:
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" It obtains the feature maps from a selected transformer block in the CLIP encoder.
If the feature matrix is F(i,c), that means the cth feature map is created for the

input token (image patch).

It calculates featureswise weights for each di erent featuresmap and uses them to
apply an a ne transform to the layer's feature map to generate a new conditioned
feature map. This transformation is featureswise, meaning it operates indepene
dently on each channel or feature dimension and is based on conditioning informae

tion taken from the text prompts.

7.3.3 PhraseCut Dataset

The PhraseCut dataset [9], which contains over 340,000 phrases with corresponding
image segmentations, was used to train CLIPSeg. It was extended to include visual
support samples and negative samples. To add visual support images for a prompt,
random samples were drawn from the set of all unique phrases, relying only on the text
prompt. Negative samples were introduced, where no object matches the prompt, and
the sample's phrase was replaced by a di erent phrase. Phrases were also augmented
randomly using a set of xed pre xes, and images were cropped under consideration
of object locations, ensuring the object remains partially visible. The extended dataset,
PhraseCut+ (PC+), supports training using imagestext interpolation, allowing for a joint
model operating on text and visual input.

The nal dataset for the PhraseCut task consists of 345,486 phrases across 77,262
images, covering 70% of the images in Visual Genome dataset. There is no overlap with
COCO images with the test split, allowing models prestrained on COCO to be used and
evaluated fairly. The dataset contains 1,272 unique category phrases, 593 unique ate
tribute phrases, and 126 relationship phrases with frequency over 20. The dataset also
demonstrates the longetailed distribution of concepts and how attributes and relatione

ships vary in di erent categories.

Figure 7.9. Example annotations on images from the PHRASECUT dataset. Colors (blue,

red, green) of the input phrases correspond to words that indicate attributes, categories,
and relationships respectively [9].

ich
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7.4 PASAM

The Segment Anything Model (SAM) has demonstrated exceptional performance across
various image segmentation tasks, but it has been found to encounter challenges in mask
prediction quality in realeworld scenarios despite being trained with extensive data. In
[10], a novel promptedriven adapter into SAM is introduced, dubbed Prompt Adapter
Segment Anything Model (PA*SAM), with the objective of enhancing the segmentation
mask quality of the original model. Through exclusive training of the prompt adapter,
PAsSAM extracts detailed image information and optimizes the mask decoder feature at
both sparse and dense prompt levels, thereby enhancing the segmentation performance
of SAM to generate highequality masks.

7.4.1 Motivation

SAM has demonstrated the ability to produce multiple accurate and plausible masks
for arbitrary images using prompts, thus indicating signi cant in uence and potential
advancements in segmentation tasks. Subsequent research e orts have expanded SAM's
applications across various domains and have unveiled SAM's limitations in achieving
highequality segmentation performance, particularly evident in coarse mask boundaries
for objects such as tennis rackets for example. Hence, there is a strong motivation to
devise a network capable of furnishing SAM directly with detailed information to enhance
the mask decoder feature. At rst glance, augmenting annotations with additional points
or more precise masks seems like the most direct approach. However, drawing inspiration
from this basic intuition, the question arises whether the model could autonomously
discern and communicate such details to SAM, thereby substantially enhancing SAM's
segmentation quality without necessitating additional user input.

With that in mind, an attempt was made to address this challenge by introducing the
Prompt Adapter Segment Anything Model (PA*SAM). This network is designed to explore
uncertain areas within images and integrate lowelevel detail information into both dense
and sparse prompts, thereby enhancing SAM's capacity to learn intricate details. To
achieve this, a promptedriven adapter is proposed to facilitate adaptive detail enhancee
ment and hard point mining. Unlike conventional adapters, this prompt adapter focuses
on optimizing prompt features rather than image features, enabling the extraction of dee
tailed information about the network's focal area. The process of mask re nement is
transformed into the learning of a re ned token and an uncertain token, allowing the
model to better capture image details in challenging regions. During training, PA*SAM
freezes the SAM component and exclusively trains the prompt adapter, thereby retaine
ing the original SAM's robust object localization capability while producing highequality
segmentation maps.

7.4.2 Method

The Segment Anything Model (SAM) [6] was created as a foundational model renowned
for its robust zerosshot segmentation capabilities, capable of generating plausible masks
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even with limited annotations. SAM's key components are: an image encoder, a mask
encoder, a prompt encoder, and a mask decoder. The image encoder transforms input
images into 64 O64 encoded features, while the mask encoder converts masks into dense
prompts. The prompt encoder, on the other hand, encodes points or bounding boxes into
sparse prompts. The mask decoder, constructed with multiple layers of attention mechae
nisms, facilitates the interaction between image features and prompt features to produce
the nal segmentation map. However, despite SAM's prowess in segmentation tasks, the
quality of its segmentation heavily relies on the richness of information conveyed through
the prompts input to the mask decoder. In instances where detailed guidance is lacking,
SAM's performance might su er, resulting in subpar segmentation quality.

To capture highequality detailed information, this new approach involves transforme
ing image details into multisgranularity prompt features and transmitting them to the
mask decoder. This is achieved by nestuning SAM in a promptedriven manner. Building
on this concept, a trainable promptedriven adapter is proposed and seamlessly integrated
into SAM, resulting in the Prompt Adapter SAM (PAsSAM). PA«SAM merges image features
with dense prompts and conveys them, alongside sparse prompts, to the mask decoder.
Within this framework, the proposed prompt adapter independently converts image feas
tures and sparse prompts into dense and sparse adapter prompts, respectively, following
each block's selfsattention mechanism. Consequently, the resulting prompt features are
reintegrated into PA*SAM in a residual fashion to re ne the feature representation of the
mask decoder. This architectural design enables the model to leverage both detailed and
lessedetailed information concurrently, thereby enhancing the segmentation quality. It
is noted that throughout the training phase, the parameters of SAM remain frozen, with
only the prompt adapter and the image upsampling module within the mask prediction
module undergoing training. Moreover, during the inference phase, solely the output
mask generated by the mask prediction module is utilized as the nal prediction oute
come. This approach ensures that the SAM's original parameters remain unchanged
during training, preserving its robustness and object localization capabilities, while ale
lowing the prompt adapter and image upsampling module to be optimized for improved
segmentation performance.
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Figure 7.10. PA+<SAM's framework [10].

7.4.3 Prompt Adapter (PA)

In order to enhance the network's capacity to learn intricate details within uncere
tain regions, a trainable promptedriven adapter is introduced into the mask decoder of
SAM. This module is designed to incorporate detailed information into the network by
employing Adaptive Detail Enhancement. This method enables the adapter to dynamie
cally capture pertinent detail information based on the original prompts and comprises
of Dense Prompt Compensation and Sparse Prompt Optimization

Dense Prompt Compensation

In the image encoding phase, SAM encounters a notable loss of detailed information
because of its 16 O 16 downesampling process. To mitigate this challenge, a straights
forward compensation module is devised. This module is tasked with encoding both the
original image | and its gradient r | as guiding information. By incorporating both the
original image and its gradient, the model gains additional contextual cues that aid in
preserving and enhancing detailed information throughout the encoding process. After
that, by utilising the cross attention, the model can stay consistent with regards to the the
output features and the original image features. Mathematically, the PA dense prompts
can be represented as:

Xpa = Attention (Wg[l; r 1];x)
where Wy represents the convolutional operations.

Sparse Prompt Optimization

Further optimization of the sparse prompt features is pursued to facilitate the ine
tegration of detailed information into sparse prompts, thereby enhancing the model's
guidance for highequality image segmentation. Starting with the original sparse prompts
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tin, they are transformed into detailed sparse prompts tpa through a tokenetosimage crosss
attention mechanism. This process enables the model to leverage the rich contextual ine
formation from the image to re ne and enrich the sparse prompts, enhancing their ability

to convey detailed guidance for segmentation. Mathematically, the PA sparse prompts
can be represented as:

tpa = Attention (g = tin; K = Xpa;V = Xpa)

7.5 MedSAM

The call for universal models in medical image segmentation is on the rise, since
segmentation is a fundamental task in medical imaging analysis that has long been done
through manual e ort. These models, trained once and applicable across various segmene
tation tasks, promise increased versatility and potentially more reliable outcomes across
di erent medical imaging scenarios. Yet, adapting segmentation foundation models, such
as SAM, for medical image analysis faces challenges due to the substantial distinctions
between the natural images it was trained on and the medical images in question.

With that in mind, the writers of [11] created a re ned version of SAM aimed to be
used on medical images. All in all, MedSAM is nothing more than a nestuned SAM,
trained on unseen datasets.

Figure 7.11. Examples of the medical imaging modalities used to neetune SAM, thus
creating MedSAM. The anatomical structures covered by the dataset are represented inside
a human body [11].
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7.5.1 Motivation and Data used

MedSAM endeavors to serve as the cornerstone for universal medical image segmens
tation. A pivotal aspect of crafting such a model lies in its ability to adapt to a broad
spectrum of imaging conditions, anatomical structures, and pathological variations. To
tackle this challenge, the creators meticulously assembled a vast and diverse medical
image segmentation dataset comprising 1,570,263 image*mask pairs. This dataset spans
across 10 imaging modalities, encompasses over 30 cancer types, and incorporates varie
ous imaging protocols. This extensive dataset empowers MedSAM to grasp a comprehene
sive understanding of medical images, capturing a wide array of anatomies and lesions

across di erent modalities.

An overview of the distribution of images across di erent medical imaging modalities
in the dataset, ranked by their total numbers, is depicted in 7.12. Notably, Computed
Tomography (CT), Magnetic Resonance Imaging (MRI), and endoscopy emerge as the pree
dominant modalities, re ecting their widespread usage in clinical settings. While CT
and MRI o er detailed crossesectional views of 3D body structures, indispensable for
nonsinvasive diagnostic imaging, endoscopy provides direct visual inspection of organ
interiors, particularly valuable for diagnosing gastrointestinal and urological conditions.
Despite the prominence of these modalities, others such as ultrasound, pathology, mame
mography, and Optical Coherence Tomography (OCT) also play signi cant roles in clinical
practice. The diversity of these modalities and their respective segmentation targets une
derscores the imperative for universal and adaptable segmentation models capable of
accommodating the unique characteristics associated with each modality.

Figure 7.12. a The amount of medical imagesmask pairs in each modality. b The architece
ture of MedSAM. The creators used the same architecture as SAM but found that bounding
boxes are the superior prompt choice when it comes to medical images [11].

The dataset was curated by collating images from publicly available medical image sege
mentation datasets like the Cancer Imaging Archive [28] and Kaggle [12]. These datasets
provided segmentation annotations by human experts, extensively utilized in existing
literature. The annotations were directly incorporated for both model development and
validation purposes. To ful ll the model's input requirements, all images were resized
to a uniform size of 1024 01024 O3, and grayscale images as well as RGB images were
converted to the PNG format.
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7.5.2 Architecture

Another crucial consideration pertains to the selection of the appropriate segmentas
tion prompt and network architecture. While the concept of fully automatic segmentation
foundation models is appealing, the creators found that it faces challenges that render it
impractical. One primary challenge stems from the inherent variability in segmentation
tasks. For instance, given a CT image of liver cancer, the segmentation task can vary
depending on the speci ¢ clinical scenario; one clinician might aim to segment the liver
tumor, while another may need to delineate the entire liver and surrounding organs. Fure
thermore, the variability in imaging modalities poses another challenge, with modalities
like CT and MR generating 3D images while others like XsRay and ultrasound produce 2D
images. These variations in task de nition and imaging modalities complicate the design
of a fully automatic model capable of accurately anticipating and addressing the diverse
requirements of di erent users.

Considering these challenges, the creators opted for a more pragmatic approach by
developing a promptable 2D segmentation model. This model can be easily tailored to
speci ¢ tasks based on usersprovided prompts, o ering enhanced exibility and adapte
ability. Additionally, it can handle both 2D and 3D images by processing 3D images as
a series of 2D slices. Notably, bounding boxes provide a clearer spatial context for the
region of interest, enabling the algorithm to more precisely discern the target area come
pared to pointebased prompts, which may introduce ambiguity, especially when proximate
structures resemble each other. Moreover, drawing a bounding box proves e cient, pare
ticularly in scenarios involving multisobject segmentation. The network architecture was
adopted entirely from SAM, comprising of an image encoder, a prompt encoder, and a
mask decoder.

MedSAM was constructed based on transformer architecture, renowned for its exe
ceptional e ectiveness across various domains such as natural language processing and
image recognition tasks [21]. Speci cally, the network comprised a vision transformer
(ViT)*based image encoder responsible for extracting image features, a prompt encoder
for integrating user interactions (bounding boxes), and a mask decoder that generated
segmentation results and con dence scores using the image embedding, prompt embeds
ding, and output token.

To achieve a balance between segmentation performance and computational e ciency,
the base VIiT model was employed as the image encoder. Extensive evaluations indicated
that larger VIiT models, such as ViT Large and ViT Huge, o ered only marginal improves
ments in accuracy while signi cantly increasing computational demands. The base VIiT
model consists of 12 transformer layers, with each block comprising a multishead selfe
attention block and a Multilayer Perceptron (MLP) block incorporating layer normalizae
tion. Prestraining involved masked autoeencoder modeling, followed by fully supervised
training on the SAM dataset.

The input image (1024 O 1024 O 3) was reshaped into a sequence of attened 2D
patches with a size of 16 O 16 O 3, resulting in a feature size in image embedding of 64 @)
64 after passing through the image encoder, which is 16 O downscaled. The prompt ene
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coders mapped the corner points of the bounding box prompt to 256-dimensional vectorial
embeddings. Each bounding box was represented by an embedding pair of the topeleft
corner point and the bottomeright corner point. To facilitate realstime user interactions
once the image embedding had been computed, a lightweight mask decoder architecture
was utilized. It comprised two transformer layers for fusing the image embedding and
prompt encoding, and two transposed convolutional layers to enhance the embedding
resolution to 256 O 256. Subsequently, the embedding underwent sigmoid activation,
followed by bilinear interpolations to match the input size.

7.5.3 Training process

During data preeprocessing, a total of 1,570,263 medical imagesmask pairs were obe
tained for model development and validation purposes. For internal validation, the dataset
was randomly split into training (80%), tuning (10%), and validation (10%) sets. Notably,
for modalities with withinescan continuity, such as CT and MRI, and those with continue
ity between consecutive frames, such as videos, data splitting was performed at the 3D
scan and video level, respectively, to prevent potential data leakage. In the case of pathole
ogy images, where slideslevel cohesiveness is crucial, wholesslide images were initially
separated into distinct slidesbased sets. Subsequently, each slide was divided into small
patches of a xed size of 1024x1024, enabling monitoring of the model's performance on
the tuning set and adjustment of parameters during training to mitigate over tting.

For external validation, all datasets were held out and not included in model training.
These external datasets served as a rigorous test of the model's generalization ability,
representing new patients, imaging conditions, and potentially new segmentation tasks
previously unseen by the model. Evaluating MedSAM's performance on these unseen
datasets provided a realistic assessment of its performance in realsworld clinical settings,
where it must contend with a wide range of data variability and unpredictability. Impore
tantly, the training and validation processes were conducted independently.

The model was initialized with the prestrained SAM model utilizing the ViTsBase archie
tecture. The prompt encoder was kept xed since it could adequately encode the bounding
box prompt. During training, all trainable parameters in the image encoder and mask
decoder were updated. Bounding box prompts were generated from expert annotations
with a random perturbation ranging from 0 to 20 pixels. The loss function consisted of
the unweighted sum of Dice loss and crosseentropy loss. Optimization was performed
using the AdamW optimizer with parameters set to 1 =09and , =0.999, an initial
learning rate of le+4, and a weight decay of 0.01. The global batch size was set to 160,
and data augmentation was not utilized during training.

Training was conducted on 20 A100 (80G) GPUs over 150 epochs, and the nal model
was selected based on the last checkpoint.
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7.6 Methodology

Figure 7.13. A visual representation of this work's pipeline.

As seen in gure 7.13, the models in question will be tested on four di erent datasets,
which are in turn presented in chapter 8.

7.6.1 Training Loop

If need be, the models can be nestuned to serve the speci ¢ needs of the datasets. For
both models, this process goes as follows: First of all, a prestrained version of the model
is loaded from [29] and the train set of the dataset is loaded in a DatalLoader object that
splits the data in two batches. For the training process an Adam Optimizer was chosen
and for the evaluation the Dice Loss was chosen, to be in line with the metrics used in
the original papers of the models.

The training loop consists of the forward pass, where each image is passed through
the model to produce outputs. To predict a mask for said image, both SAM and CLIPSeg
require some input, which is tailored to the task at hand. Then, the predicted masks are
used to compute the loss, which in turn will be used to adjust the network's weights and
biases. This loop will be repeated for the number of epochs of our choosing, with the goal
being to minimize the Dice Loss as much as possible.

The new model that will result from this process will then be evaluated on the test set

of each dataset by using the Intersection over Union metric.

7.6.2 Evaluation Metrics

During the process of creating a dataset to t the needs of SAM, mask prediction was
supervised with the dice loss and the con dence score loU was used to quantify the
quality of each mask.
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7.6.3 Kaggle's Computational Environment

Dice loss is a metric used for evaluating the performance of machine learning models
in image segmentation tasks. It is derived from the Dice Similarity Coe cient, also
known as the Sgrensen Dice coe cient, which is a statistical measure used to compare
the similarity of two samples. Dice Loss, on the other hand, compares the similarity of two
binary classi cations of an image: the true segmentation, and the predicted segmentation
generated by a machine learning model. The goal is to minimize the di erence between
the two segmentations, which is called the loss function. The formula for Dice Loss is as
follows:

2yp+1

DiceLoss (y;p) =1 HpELT

where y represents the true segmentation of the image, and p represents the predicted
segmentation generated by the machine learning model. The formula calculates a value
between 0 and 1, with O indicating no similarity between the two segmentations, and 1
indicating complete similarity.

Dice Loss is an important metric for evaluating the performance of machine learne
ing models in image segmentation tasks because it allows us to quantify the similarity
between the predicted and true segmentations of an image. This, in turn, enables the
optimization of the model's performance by minimizing the Dice Loss.

The Intersection over Union (loU) is a popular evaluation metric used in object
detection and segmentation. loU measures the overlap between two bounding boxes or
regions of interest by calculating the ratio of the Intersection area to the union area
between these regions. It's calculated as follows:

— Area of Union
loU = Area of Intersection ’

where Area of Intersection is the region where the predicted bounding box and the
ground truth bounding box overlap and Area of Union is the total region encompassed by
both the predicted bounding box and the ground truth bounding box. loU = 0 indicates no
overlap between the predicted and ground truth bounding boxes, while loU = 1 indicates
a perfect match where the predicted bounding box completely overlaps with the ground
truth bounding box.

7.6.3 Kaggle's Computational Environment

The methodology described above was implemented on Kaggle, an online community
and platform for data science and machine learning practitioners [12]. It serves as a hub
where people of the data science community can collaborate, compete, and learn from
each other, by writing code on Kaggle Kernels.

Kaggle's Kernels are essentially Jupyter notebooks hosted on Kaggle's platform, that
0 er a convenient environment for running code. Some of the most important features
of these kernels are the fact that they provide free access to GPU (Graphics Processing
Unit) and TPU (Tensor Processing Unit) resources for running code, particularly useful
for tasks like deep learning where training models on GPUs or TPUs signi cantly speeds
up the process compared to using CPUs, and they allow easy access to datasets hosted
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on the website, making it convenient to import data directly into your notebooks. More
speci cally, Kaggle provides access to NVIDIA TESLA P100 GPUs [30].

For these reasons, Kaggle is a great tool for the purposes of this work, though it is
not without limitations. Users have limitations on the amount of GPU/TPU time they can
use per week, as well as memory constraints, so the computational resources o ered at
Kaggle are not unlimited. This is something that a ected the progress of this work, given
the large amount of data used in the training loop of the models.

Figure 7.14.  Setting up a Kaggle notebook with a GPU acccelerator for experimenting with
SAM and CLIPSeg [12].
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Datasets

In this section, the datasets used in the experiments conducted for this work are

presented and analyzed.

Table 8.1. A synopsis of the datasets used.

Datasets Train Set Test Set Image Type Image Format
ImagesMask Pairs ImagesMask Pairs

COVID*QU-Ex 7145 2113 Grayscale png
Electron Microscopy 1980 1980 Grayscale tif
City Scapes 3000 500 RGB png
Corsican Fires 6954 6954 RGB png

8.1 COVID+QU+-Ex Dataset

A team of researchers from Qatar University, Doha, Qatar, and the University of
Dhaka, Bangladesh along with their collaborators from Pakistan and Malaysia in collaboe
ration with medical doctors have created a database of chest Xeray images for COVID+19
positive cases along with Normal and Viral Pneumonia images [13]. This COVID+19, nore
mal, and other lung infection dataset was released in stages. Eventually, the researchers
of Qatar University compiled the COVID*QU+Ex dataset, which consists of 33,920 chest
Xeray images including: 11,956 COVID*19, 11,263 Non*COVID infections (Viral or Bactes
rial Pneumonia), and 10,701 Normal, along with Groundstruth lung segmentation masks
for each Xeray. This makes COVID*QU<EXx the largest ever created lung mask dataset.

The COVID*QU<Ex dataset comprises of smaller datasets that were used in previous
papers released by these universities, that can be found here [14] and here [15].

For the purposes of this work, given the limited resources available, a subset of the
COVID+QU<Ex Dataset was used, called QaTasCOV19 Dataset, in its latest version. It
consists of 9258 COVID+19 chest Xerays and as much groundstruth segmentation masks
for COVID+19 infected region segmentation task. Of those, 7,145 Xerays make up the
train set, used for neetuning purposes. The rest 2,113 Xerays are the test set, used for

evaluating purposes.
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Figure 8.1. Example Xeray image and mask from the COVID«QU+Ex Dataset.

8.2 Electron Microscopy Dataset

The Electron Microscopy dataset [31] represents a 5x5x5 mm section taken from the
CA1 hippocampus region of the brain, corresponding to a 1065x2048x1536 volume. The
resolution of each voxel is approximately 5x5x5nm. The data is 3D in volume and is
provided as a stack of TIF les.

The dataset is split in two subevolumes. Each subevolume consists of 165 768x1024
slices of the image stack. The volume used for training is the top part of the stack while
the bottom part was used for testing. In order for these slices to be more easily handled,
we turned them in 1980 256x256 images. Furthermore, because the images were a
part of a bigger slice, the resulting dataset contained images that happened to have no
mitochondria in them. These images would be of no help when testing and training the
model, so they were ltered out in order to not cause any problems.

The creation of this dataset was primarily motivated by the need to accurately segment
mitochondria, being structures of interest for neuroscientists. So, the labels of the dataset
are annotated mitochondria.

Figure 8.2. Example image and mask from the Electron Microscopy Dataset.

8.3 CityScapes Dataset

Cityscapes is a largesscale dataset designed to train and test approaches for semane
tic learning in urban scene understanding. It comprises a diverse set of stereo video
sequences from 50 dierent cities, with 5000 highequality pixelelevel annotations and
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20,000 coarse annotations. The dataset exceeds previous attempts in terms of size, ane
notation richness, scene variability, and complexity. The study provides an inedepth
analysis of the dataset characteristics and a performance evaluation of various stateeofe
theeart approaches based on the benchmark. This approach is crucial for understanding
complex urban street scenes and enhancing object detection in deep learning. [16]

The study aimed to capture the high variability of outdoor street scenes using a data
recording and annotation methodology. Several hundreds of thousands of frames were
acquired from a moving vehicle over several months in 50 cities, primarily in Germany
and neighboring countries. The sensors were mounted behind the windshield and yielded
high dynamicerange (HDR) images with 16 bits linear color depth. To ensure calibration
accuracy, the researchers recalibrated onesite before each recording session.

The study also provided low dynamicerange (LDR) 8 bit RGB images obtained by
applying a logarithmic compression curve. To facilitate highest annotation quality, a
separate tone mapping was applied to each image. 5000 images were manually selected
from 27 cities for dense pixelslevel annotation, aiming for high diversity of foreground
objects, background, and overall scene layout. For the remaining 23 cities, a single image
every 20 s or 20 m driving distance was selected for coarse annotation, yielding 20,000
images in total. It is noted that for the pursposes of this work, only the 5000 images with
ne annotations were used.

The creation of 5000 ne pixelslevel annotations was made using layered polygons,
which were created inshouse to ensure high quality levels. Annotation and quality control
took over 1.5 hours on average for a single image. The annotations implicitly provide
a depth ordering of objects in the scene, and can be extended to cover additional or
more neegrained classes. Two experiments were conducted to assess the quality of
the labeling. First, 30 images were nely annotated twice by di erent annotators, and
the same quality control was performed. The results showed that 96% of all pixels were
assigned to the same label. Second, all ne annotations were coarsely annotated to enable
research on densifying coarse labels. The study de ned 30 visual classes for annotation,
grouped into eight categories: at, construction, nature, vehicle, sky, object, human, and
void. Classes were selected based on their frequency, relevance, practical considerations,
and compatibility with existing datasets.

The study splits densely annotated images into training, validation, and test sets
to represent the variability of di erent street scene scenarios. The split criteria involve
a balanced distribution of geographic location, population size, and time of year when
recordings took place. The data is split at the city level, resulting in a unique split
consisting of 2975 training and 500 validation images with publicly available annotations,
as well as 1525 test images with annotations withheld for benchmarking purposes.

To assess the uniformity of the splits regarding the four split characteristics, a fully
convolutional network was trained on the 500 images in the validation set. The model
was evaluated on the whole test set and eight subsets re ecting the extreme values of
the four characteristics. The performance was very homogeneous, with the exception of
the time of year. The end of the year subset showed a 3.8% better performance than the
whole test set, possibly due to softer lighting conditions in cloudy fall.
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