REPUBLIC OF TURKIYE
YILDIZ TECHNICAL UNIVERSITY
GRADUATE SCHOOL OF SCIENCE AND ENGINEERING

NUCLEI INSTANCE SEGMENTATION IN
HISTOPATHOLOGY IMAGES WITH DEEP
LEARNING

Serdar YILDIZ

MASTER OF SCIENCE THESIS
Department of Computer Engineering

Program of Computer Engineering

Supervisor
Prof. Dr. Songiil VARLI

Co-supervisor
Assist. Prof. Dr. Abbas MEMIS

July, 2024



REPUBLIC OF TURKIYE
YILDIZ TECHNICAL UNIVERSITY
GRADUATE SCHOOL OF SCIENCE AND ENGINEERING

NUCLEI INSTANCE SEGMENTATION IN
HISTOPATHOLOGY IMAGES WITH DEEP LEARNING

A thesis submitted by Serdar YILDIZ in partial fulfillment of the requirements
for the degree of MASTER OF SCIENCE is approved by the committee
on 22.07.2024 in Department of Computer Engineering, Program of Computer

Engineering.
Prof. Dr. Songiil VARLI Assist. Prof. Dr. Abbas MEMIS
Yildiz Technical University Istanbul University
Supervisor Co-supervisor

Approved By the Examining Committee

Prof. Dr. Songiil VARLI, Supervisor
Yildiz Technical University

Prof. Dr. Mine Elif KARSLIGIL, Member
Yildiz Technical University

Prof. Dr. Cigdem GUNDUZ DEMIR, Member
Koc University




I hereby declare that I have obtained the required legal permissions during data
collection and exploitation procedures, that I have made the in-text citations and
cited the references properly, that I haven’t falsified and/or fabricated research data
and results of the study and that I have abided by the principles of the scientific
research and ethics during my Thesis Study under the title of Nuclei Instance
Segmentation in Histopathology Images with Deep Learning supervised by my
supervisor, Prof. Dr. Songiil VARLI. In the case of a discovery of false statement, I

am to acknowledge any legal consequence.

Serdar YILDIZ

Signature



Dedicated to my family



ACKNOWLEDGEMENTS

This thesis would not have been possible without the guidance and support of my
supervisors, Prof. Dr. Songiil VARLI and Assist. Prof. Dr. Abbas MEMIS.
Their insights and expertise have been invaluable throughout this research journey.
I am deeply grateful for their patience, encouragement, and immense knowledge.
Their willingness to give their time so generously has been very much appreciated.
I would also like to express my gratitude to the Examining Committee for their

insightful comments and suggestions.

Serdar YILDIZ

v



TABLE OF CONTENTS

LIST OF SYMBOLS viii
LIST OF ABBREVIATIONS ix
LIST OF FIGURES X
LIST OF TABLES xii
ABSTRACT Xiv
OZET xvi
1 INTRODUCTION 1
1.1 Problem Definition . . . . .. .. ... ... ... .. ... 3
1.2 Literature Review . . . . . . . . ... . .. L. 4
2 MATERIALS AND METRICS 11
2.1 Nuclei Instance Segmentaion Datasets . . . . . .. ... ... ... 11
2.1.1 Multi-organ Nucleus Segmentation Challenge . . . . . . . . 11
2.1.2  The Colorectal Nuclear Segmentation and Phenotypes 12
2.1.3 The Computational Precision Medicine 2017 . . . . .. .. 13
2.1.4  Colon Nuclei Identification and Counting Challenge 2022 14
2.2 MetriCS . . . . . e e e 15
2.2.1 Semantic Segmentation Metrics . . . . . ... .. .. ... 15
2.2.2 Instance Segmentation Metrics . . . . . . . ... ... ... 16

3 NUCLEI INSTANCE SEGMENTATION WITH UNET-LIKE AR-
CHITECTURES 18
3.1 Classical UNet Architecture . . . . . . ... ... . ... ..... 19
3.1.1 UNet Experimental Setup . . . ... ... ... ...... 21
3.1.2 UNetResults . . ... ... ... ... ... ....... 21
3.2 Adaptive Thresholding . . . . ... ... ... ........... 26
3.3 Examination of Loss Functions with Classical U-Net . . . . . . .. 32
3.4 TransUNet Architecture . . . . . . . . . .. .. ... ... ..... 36



3.4.1 TransUNet Experimental Setup . . . ... ... ... ... 37

342 TransUNetResults . . .. ... ... ... ......... 38
3.5 Swin-Unet Architecture . . . . . . ... ... ... ......... 41
3.5.1 Swin-Unet Experintal Setup . . . . . ... ... ... ... 43
3,52 Swin-UnetResults . . .. .. ... ... .. ........ 43
3.6 Comparison of the UNet Architectures . . . . . .. ... ... ... 46

GENERAL-PURPOSE MODELS ADAPTED FOR NUCLEI IN-

STANCE SEGMENTATION 50
41 MaskR-CNN . . . . . ... . . 50
4.1.1 Mask R-CNN Experimental Setup . . . . . ... ... ... 53
412 MaskR-CNNResults . . ... ... ............ 53
4.2 YOLOV7 Instance Segmentation . . . . . . .. ... ... ..... 54
4.2.1 YOLOv7 Experimental Setup . . . ... ... ....... 56
422 YOLOv7Results . . ... ... ... ... ......... 57
YOLO-U: ENSEMBLE OF THE YOLOV7 AND UNET 59
5.1 Methodology . . . ... ... ... ... .. 60
5.2 Examination of Confidence Threshold . . . . . ... ... ... .. 63
53 Results. . . . . . . . 64
54 Limitations . . . . . . . .. ... e e 67

MEDICAL DOMAIN-SPECIFIC MODELS FOR NUCLEI IN-

STANCE SEGMENTATION 68
6.1 HoVer-Net. ... ... ... ... ... ... . . ... .. 68
6.1.1 HoVer-Net Experimental Setup . . . . . ... ... .... 70
6.1.2 HoVer-NetResults . . .. ... ... .. .. ........ 71
6.2 StarDist . . . . ... 72
6.2.1 StarDist Experimental Setup . . . . . . ... ... ... .. 74
6.2.2 StarDistResults. . . . . . ... ... o L. 74

HR-YOLO: IMPROVED YOLO FOR NUCLEI INSTANCE SEG-

MENTATION 76
7.1 Methodology . . . . . .. . .. . . ... 76
7.2 HR-YOLO Experimental Setup . . . . ... ... ... ...... 79
73 Results. . . . . . . 80
DISCUSSIONS 82
CONCLUSION 89

vi



REFERENCES 91

PUBLICATIONS FROM THE THESIS 101

vii



LIST OF SYMBOLS

AJI
AJI*
DQ
IoU
PQ
PQ+
SQ

Aggregated Jaccard Index
Aggregated Jaccard Index Plus
Detection Quality

Intersection over Union
Panoptic Quality

Panoptic Quality Plus

Segmentation Quality

viii



LIST OF ABBREVIATIONS

CE
COCO
CoNIC
CoNSeP
CPM
FT

LCD
MLP
MoNuSeg
MSE
R-CNN
RelLLU
Rol
RPN
SGD
SiLU
ViT
WSI

YOLO

Cross-entropy

Common Objects in Context

The Colon Nuclei Identification and Counting
The Colorectal Nuclear Segmentation and Phenotype
The Computational Precision Medicine
Focal-Tversky

Log-Cosh Dice

Multilayer Perceptron

The Multi-organ Nucleus Segmentation Challenge
Mean Square Error

Region Based Convolutional Neural Networks
Rectified Linear Unit

Region of Interest

Region Proposal Network

Stochastic Gradient Descent

Sigmoid Linear Unit

Vision Transformer

Whole Slide Image

You Only Look Once

X



LIST OF FIGURES

Figure 1.1
Figure 2.1
Figure 2.2
Figure 2.3
Figure 2.4
Figure 3.1
Figure 3.2
Figure 3.3
Figure 3.4
Figure 3.5
Figure 3.6
Figure 3.7
Figure 3.8
Figure 3.9
Figure 3.10
Figure 3.11
Figure 3.12
Figure 3.13
Figure 3.14
Figure 4.1
Figure 4.2
Figure 4.3
Figure 4.4
Figure 5.1
Figure 5.2
Figure 5.3
Figure 5.4
Figure 5.5
Figure 6.1
Figure 6.2
Figure 6.3
Figure 6.4

Patching process . . . . . . . .. .. .. ... ... 3
MoNuSeg example patches . . . . . . . ... ... ... .. .. 12
CoNSeP example patches . . . . . .. .. ... ... ...... 13
CPM17 example patches . . . . ... ... ... ........ 13
CoNIC example patches . . . . . .. ... ... ... ..... 14
UNet architecture . . . . . . .. .. .. ... 19
UNet semantic segmentation prediction on CoNIC patches . . . 23
UNet instance segmentation prediction on CoNIC patches 24
UNet model prediction on MoNuSegRol . . . . ... ... .. 25
UNet false predictionexamples . . . . . . .. ... ... .... 26
Adaptive thresholding methodology . . . . ... ... .. ... 27
Example instance predictions of UNet w/wo adaptive thresholding 29
Effect of adaptive thresholding . . . . . . . ... .. ... ... 32
TransUNet architecture . . . . . . . .. ... ... ... .... 36
TransUNet instance prediction on CoNIC patches . . . . . . . . 39
TransUNet semantic segmentation on CoNIC patches . . . . . . 40
Swin-Unet architecture . . . . . . . .. ... .. ... ..... 42
Swin-Unet semantic segmentation prediction on CoNIC patches 45
Swin UNet instance segmentation prediction on CoNIC patches 45
Mask R-CNN architecture . . . . . ... ... ... ...... 51
Mask R-CNN model prediction . . . . ... ... ....... 52
YOLOvV7 instance segmentation model architecture . . . . . . . 55
YOLOV7 model prediction . . . . .. ... ... ... ..... 57
YOLO-U architecture . . . . . . ... .. ... ......... 61
Distance andcentermap . . . . . . . . ... ... ... .. .. 62
Distance and centermap 3D . . . . . .. ... ... 63
Examination of confidence threshold on MoNuSeg . . . . . .. 64
YOLO-U model prediction . . . . .. ... ... ........ 66
HoVEr-Net model architecture . . . . . . .. ... ... .... 69
HoVer-Net model prediction . . . .. ... ... ........ 71
StarDist model architecture . . . . ... ... ... ... ... 73
StarDist model prediction . . . . . . ... ... ... ... 74



Figure 7.1
Figure 7.2
Figure 7.3
Figure 8.1
Figure 8.2

HR-YOLO model backbone . . . . . ... ... ...... ... 77
HR-YOLO neckandhead . .. ... .. .. .......... 78
HR-YOLO model prediction . . . . ... ... ......... 80
Comparison of models predictions . . . . . . ... ... .... 84
Comparison of instance segmentation results . . . . . . . . .. 86

X1



LIST OF TABLES

Table 1.1

Table 3.1

Table 3.2

Table 3.3

Table 3.4

Table 3.5

Table 3.6

Table 3.7

Table 3.8

Table 3.9

Table 3.10

Table 3.11

Table 3.12

Table 3.13

Table 3.14

Table 3.15

Table 3.16

Table 3.17

Literature review . . . . . . . . .. ..o 5
UNet semantic segmentation results on CoNIC dataset . . . . . . 22
UNet instance segmentation results on CoNIC dataset . . . . . . 23

Semantic segmentation results of UNet trained on MoNuSeg

dataset . . . . . ... 24
Instance segmentation results of UNet trained on MoNuSeg
dataset . . . . . . .. Lo 24
Instance segmentation performance of fold-1 validation based on
threshold . . . . . . . . .. ... 28
Comparison of thresholding and adaptive thresholding on CoNIC
fold-1testdataset . . . . ... ... ... ... .. ... ... 28
Instance segmentation result of UNet with adaptive thresholding
on CoNICdataset . . . ... .. .. .. ... . ... ..... 29
Semantic segmentation result of UNet with adaptive thresholding
onCoNICdataset . . . ... ... ................ 30
Instance segmentation result of UNet trained on MoNuSeg
dataset with adaptive thresholding . . . . . . ... ... .. .. 30
Semantic segmentation result of UNet trained on MoNuSeg
dataset with adaptive thresholding . . . . ... ... ... ... 31
Comparison of the w/wo adaptive thresholding on instance
segmentationtask . . . . ... ... L. 31
Mathematical expressions of analyzed loss functions . . . . . . . 33
UNet instance segmentation results based on loss functions . . . 34

Comparison of the instance segmentation performance of the loss
function on CoNIC dataset . . . . . . ... ... ... ...... 35
Comparison of the semantic segmentation performance of the
loss function on CoNIC dataset . . . . .. ... ... ...... 35
TranUNet semantic segmentation results on CoNIC dataset with
adaptive thresholding . . . . ... ... ... .. ........ 38
TransUNet instance segmentation results on CoNIC dataset with

adaptive thresholding . . . . . .. ... ... ... ... .. 39

Xii



Table 3.18

Table 3.19

Table 3.20

Table 3.21

Table 3.22

Table 3.23

Table 3.24

Table 3.25

Table 3.26

Table 3.27

Table 4.1
Table 4.2
Table 4.3
Table 4.4
Table 5.1
Table 5.2
Table 6.1
Table 6.2
Table 6.3
Table 6.4
Table 7.1
Table 7.2
Table 8.1
Table 8.2

Instance segmentation results TransUNet trained on MoNuSeg

with adaptive thresholding . . . . . . ... ... ... ... .. 40
Semantic segmentation results TransUNet trained on MoNuSeg

with adaptive thresholding . . . . . . ... .. ... .. ..... 41
Swin-Unet semantic segmentation results on CoNIC fataset with

adaptive thresholding . . . . . ... ... ... ... ... .. 44
Swin-UNet instance segmentation results on CoNIC dataset with

adaptive thresholding . . . . ... ... ... .. ... ..... 44
Semantic segmentation results Swin UNet trained on MoNuSeg

with adaptive thresholding . . . . . . .. ... ... ....... 46
Instance segmentation results Swin UNet trained on MoNuSeg

with adaptive thresholding . . . . . . . ... ... ... 46
Comparison of the model’s instance segmentation performance

onCoNICdataset . . ... .................... 47
Comparison of the model’s instance segmentation performance

on MoNuSeg dataset . . . . . ... ... ... .......... 47
Comparison of the model’s instance segmentation performance

on CMP17dataset . . . ... ... ... ... ......... 48
Comparison of the model’s instance segmentation performance

onCoNSePdataset . . . . . ... ... .............. 48
Instance segmentation results of Mask R-CNN . . . ... .. .. 53
Semantic segmentation results of Mask R-CNN . . . . . .. . .. 53
Instance segmentation results of YOLOvV7 . . . . . . ... .. .. 57
Semantic segmentation results of YOLOvV7 . . . . .. ... ... 58
Instance segmentation results of YOLO-U . . . . .. ... ... 65
Mean semantic segmentation results of YOLO-U . . . . . . . .. 67
Instance segmentation results of HoVer-Net . . . . . . ... ... 71
Semantic segmentation results of HoVer-Net . . . . . ... ... 72
Instance segmentation results of StarDist . . . . . . . ... ... 74
Semantic segmentation results of StarDist . . . . . . . .. .. .. 75
Instance segmentation results of HR-YOLO . . . . . ... .. .. 80
Semantic segmentation results of HR-YOLO . . . . .. ... .. 81
Comparison of instance segmentation results . . . . . . . . . .. 83
Comparison of mean semantic segmentation results . . . . . . . 87

Xiii



ABSTRACT

Nuclei Instance Segmentation in Histopathology
Images with Deep Learning

Serdar YILDIZ

Department of Computer Engineering

Master of Science Thesis

Supervisor: Prof. Dr. Songiil VARLI
Co-supervisor: Assist. Prof. Dr. Abbas MEMIS

Nuclear structures play a crucial role in disease diagnosis, as abnormalities
in the shape, size, and distribution of nuclei serve as key indicators in the
meticulous examination of cancerous tissues. Therefore, the task of nuclei instance
segmentation is essential since it allows comprehensive and detailed morphological
assessments of individual nuclei. By improving segmentation techniques, we can
facilitate quicker and more accurate diagnoses, which are absolutely essential for
effective treatment planning and better health care solutions. This thesis rigorously
examines nuclei instance segmentation in histopathology images by developing
and evaluating various models. It explores UNet-based semantic segmentation,
general-purpose instance segmentation models, and medical field specific models
like HoVer-Net and StarDist. We also introduce novel approaches, such as
HR-YOLO and YOLO-U, and provide a thorough analysis using cross-domain
tests with MoNuSeg, CMP17, CoNIC, and CoNSeP datasets. Our proposed nuclei
instance segmentation model, HR-YOLO, is an enhanced version of the YOLO
architecture that optimizes small-scale object detection. The other proposed model,
YOLO-U, is an ensemble technique that combines UNet semantic segmentation
capabilities with the detection capabilities of YOLOv7. This study establishes
a standardized experimental setup to enable fair comparison across studies,
contributing significantly to the field by setting a benchmark for future research

on nuclei instance segmentation.
Keywords: Nuclei segmentation, deep learning, instance segmentation, object
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OZET

Derin Ogrenme ile Histopatoloji Goriintiilerinde
Cekirdek Ornek Boliitleme

Serdar YILDIZ

Bilgisayar Miihendisligi Anabilim Dali
Yiiksek Lisans Tezi

Danigsman: Prof. Dr. Songiil VARLI
Es-Damgman: Dr. Ogr. Uyesi Abbas MEMIS

Cekirdeklerin sekli, boyutu ve dagilimindaki anormallikler, kanserli dokularin
titizlikle incelenmesinde temel gostergeler olarak hizmet ettiginden, c¢ekirdek
yapilar1 hastalik teshisinde ¢ok ©nemli bir rol oynar. Bu nedenle, cekirdek
ornek boliitleme gorevi, her bir cekirdekgin kapsamli ve ayrintili morfolojik
degerlendirmelerine izin verdigi icin ¢ok Onemlidir. Segmentasyon tekniklerini
gelistirerek, etkili tedavi planlamas1 ve daha iyi saglik hizmetleri ¢oziimleri i¢in
kesinlikle gerekli olan daha hizli ve daha dogru teshisleri kolaylastirabiliriz. Bu tez,
cesitli modeller gelistirip dl¢iimleyerek histopatoloji goriintiilerinde ¢ekirdek 6rnegi
segmentasyonunu titizlikle incelemektedir. UNet tabanli semantik segmentasyonu,
genel amach Ornek segmentasyon modellerini ve HoVer-Net ve StarDist gibi
medikal alana 6zgii modelleri aragtirmaktadir. Ayrica HR-YOLO ve YOLO-U
gibi yeni yaklagimlar sunuyoruz ve MoNuSeg, CMP17, CoNIC ve CoNSeP veri
kiimeleriyle alanlar arast testleri kullanarak kapsamli bir analiz sagliyoruz. Onerilen
cekirdek ornek boliitleme modelimiz HR-YOLO, YOLO mimarisinin kiiciik 6l¢ekli
nesne algilamay1 optimize eden gelistirilmis bir versiyonudur. Onerilen diger
model olan YOLO-U, UNet anlamsal boliimleme yeteneklerini YOLOV7 nin tespit
yetenekleriyle birlestiren bir topluluk teknigidir. Bu ¢alisma, ¢alismalar arasinda
adil kargilagtirmayr miimkiin kilmak i¢in standartlagtirllmis bir deney ortami
olusturmakta ve cekirdek ornek boliitlemesi konusunda gelecekteki arastirmalar

i¢in bir referans noktasi olusturarak alana onemli 6l¢iide katkida bulunmaktadir.
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1

INTRODUCTION

Histology is a branch of biology that examines the microscopic structure of tissues
and cells [1]. Pathologists in the field of histology scrutinize various tissues under
the microscope to diagnose diseases. Nuclear structures play a crucial role in
disease diagnosis [2]. Particularly, abnormalities in the shape, size, and distribution

of nuclei serve as key indicators in the examination of cancerous tissues [3].

It is a well-established fact that early diagnosis saves lives. However, the
manual examination of tissue samples under a microscope is a challenging and
time-consuming task. Additionally, the inherent difficulty of the task increases the
likelihood of errors [4]. Prolonged tissue analysis can lead to treatment delays for
potentially life-threatening diseases, which might be preventable with an earlier

diagnosis.

Another significant issue i1s a lack of expert pathologists. Pathological expertise
requires extensive training and time. The scarcity of specialists contributes to an
increased workload for existing professionals, thereby prolonging the diagnostic
timeline for patients. Even in developed countries, the number of expert
pathologists is insufficient, and in developing countries, it is markedly lower [5].
This shortfall inevitably leads to prolonged diagnostic times, which can increase

mortality rates.

Nuclei instance segmentation presents several challenges [6]. One primary issue
is the small size of the target objects, as nuclei can be as small as 20 x 20 pixels.
Many general-purpose instance segmentation models may fail to detect and segment
such small objects effectively. Additionally, nuclei are frequently situated in close
proximity to one another, complicating the task further. This spatial arrangement
requires models not only to perform accurate segmentation but also to determine
which pixels belong to which nucleus. This task becomes extremely difficult when
closely spaced nuclei belong to the same class, necessitating sophisticated methods

to successfully distinguish between them.



Another significant challenge in nuclei instance segmentation is the variability
across scanners and tissue samples. The properties of the scanner can lead to
significant differences between images of the same organ, even if they are stained
identically [7]. Additionally, tissues from different organs often exhibit distinct
nuclei distributions. These factors cause models to perform well on the dataset they

were trained on but significantly underperform on other datasets.

Our motivation is to automate the process of nuclei instance segmentation in
scanned tissue images, which has traditionally been performed by pathologists who
spend a significant amount of time under the microscope. This automation not only
aims to reduce the time required for diagnosis but also minimizes the margin of
error, enabling the production of standardized results. Furthermore, this automation
allows for the assessment of tissue images without the direct involvement of expert

pathologists, which is especially useful in settings where specialists are scarce.

Additionally, the literature on nuclei instance segmentation lacks a standardized
experimental setup for benchmarking. Many studies share results using different
combinations of datasets, but comparing models trained on varied datasets can
be unfair, especially in nuclei instance segmentation, where even the scanner
model can significantly impact performance. To address this, our study ensures
a consistent training and testing methodology across all experiments, aiming to

establish a reliable benchmark for comparing models.

To address the challenges in nuclei instance segmentation, our contributions are as

follows:

* Developed the HR-YOLO model, an enhanced version of YOLO optimized

for nuclei instance segmentation.

* Introduced the YOLO-U model, a confidence threshold-free methodology
that combines the capabilities of UNet and YOLOV7.

* Proposed an adaptive thresholding technique to improve precision in semantic

segmentation-based models.

* Established a standardized benchmark for evaluating nuclei instance

segmentation models, facilitating fair comparisons across studies.

This thesis is organized as follows: Chapter 2 reviews the datasets and metrics
used in this study. In Chapter 3, we explore nuclei instance segmentation using

UNet-based semantic segmentation models. Chapter 4 evaluates the performance
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of general-purpose instance segmentation models on nuclei segmentation tasks.
Chapter 5 introduces the YOLO-U model. Chapter 6 reviews the most effective
instance segmentation models in the medical field. Chapter 7 presents the
HR-YOLO model, an adaptation of the YOLO architecture for high-resolution
instance segmentation. Chapter 8 discusses the experimental results and provides a
comparative analysis of the different models. The thesis concludes with Chapter 9.
Results within each chapter are assessed independently, with extensive comparative
evaluations reserved for Chapter 8, where the performances of all models are

thoroughly analyzed.

1.1 Problem Definition

In computer vision, the task of object detection involves identifying and bounding
target objects within an image. Semantic segmentation, in contrast, assigns a class
to each pixel of an image. The instance segmentation task can be considered
a combination of both semantic segmentation and object detection. It aims to

determine the position of the target object and identify its boundaries.

Nuclei instance segmentation involves identifying individual nuclei and defining
borders. This process allows for the measurement of morphological characteristics
such as nucleus size and shape. It also makes it possible to measure the density and
count of nuclei in a specified area, which can be accomplished through the nuclei

instance segmentation task [6, 8].

Performing instance segmentation directly on whole slide images (WSIs) is not
scalable due to the large input size. As illustrated in Figure 1.1, training and testing
processes are typically conducted on patches extracted from WSIs. However, to

maintain realism and practical relevance, it is crucial to generate test results that



reflect the entire WSI. Thus, model outputs derived from individual patches must be
combined to form a result for the WSI. The combination process must also address
issues arising from objects located at the borders of patches, which is another

challenge that needs a solution.

1.2 Literature Review

In the field of nuclei instance segmentation, there is no standard experimental setup,
complicating direct comparisons between studies. Some research utilizes custom
datasets for training and testing on established datasets [9], while others combine
well-known datasets for both training and testing [10-12]. The performance of
nuclei instance segmentation models heavily depends on factors such as the tissue
source and the scanner used, making a fair comparison challenging. Therefore,
this section focuses on the methodologies and datasets used in various models,
deliberately omitting performance results to prevent biased evaluations. This study
aims to include well-known models under consistent conditions to facilitate a fair

comparison of performance.

In the literature, nuclei instance segmentation models can be categorized into
three main categories. The first category includes models based on semantic
segmentation, which are among the most commonly used approaches [13—-15].
These models initially aim to create an accurate semantic segmentation map. This
map is then utilized to perform instance segmentation, typically using the watershed
algorithm [16]. While these models are effective at creating precise segmentation

maps, they often struggle to separate closely located nuclei.

The second approach involves using multiple heads to generate several
segmentation maps [17-20]. In addition to semantic segmentation, these models
predict a separate segmentation map that identifies the borders of nuclei. It is
suggested that this method can more effectively separate closely located nuclei.
However, this methodology also requires multiple post-processing steps and has
numerous parameters that need fine-tuning, which can complicate the model’s

implementation and optimization.

The final approach in nuclei instance segmentation directly predicts the
segmentation results [21, 22]. This method represents nuclei using bounding box
like annotations, similar to techniques used in object detection, to predict both the
location and shape of each nucleus. Since it can produce instance segmentation
results in a single step, it requires minimal post-processing and reduces the number

of hyperparameters required. Although this detection-based methodology can more



effectively distinguish closely located nuclei, it exhibits lower performance in
representing the boundaries of the nuclei compared to semantic segmentation based

models.

In Table 1.1, studies in the literature are listed chronologically by their year of
publication. Due to the transition from semantic to instance segmentation in
many studies, works focused on nuclei semantic segmentation are also included.
Additionally, a separate column lists the datasets utilized in these studies. From
Table 1.1, it can be inferred that the most commonly used models in the literature
employ the The Multi-organ Nucleus Segmentation Challenge (MoNuSeg) [23],
The Computational Precision Medicine (CPM) 2017 [24], and The Colorectal
Nuclear Segmentation and Phenotypes (CoNSeP) datasets [20]. Consequently, this
thesis utilizes these datasets to establish a baseline for assessing nuclei instance

segmentation tasks.

Table 1.1 Literature review

Year| Study Dataset Methodology
2018| Zhang et al. | CPM17 It introduces a dual contour-enhanced
[25] GAN using contour-highlighted masks
and distance-transformed with a U-Net

architecture.
2019| FullNet [26] | GlaS, It introduces a full-resolution convolutional

MoNuSeg neural network and maintains full-resolution

feature maps to preserve edge details.

2019| Nuclei DSB2018 It proposes an adaptation of Mask

R-CNN R-CNN, featuring a two-stage process

[27] with a block-merging algorithm and data
preprocessing.

2020| Cheng et al. | DSB2018, It presents a method using a feature pyramid
[28] MoNuSeg network-based fusion module for enhanced

detection and segmentation of nuclei.

2020/ Qu et al. | DSB2018 It introduces an integration CNN that
[29] combines SSD with FPN for bounding box

detection and U-Net for segmentation.

2020/ Wang et al. | MoNuSeg It introduces a network with a bending
[30] loss to penalize high curvature in contours,

effectively separating overlapping nuclei in

histopathology images.




Table 1.1 Literature review (continued)

2020| Hu et al. | MoNuSeg It presents a weakly supervised method using
[31] generative adversarial training to generate
nuclear centroids likelihood maps.
2021| MDC-net DATA It leverages distance maps and contour
[32] ORGANS, | information to segment touching nuclei
DATA effectively.
BREAST
2021| Bancher et | MoNuSeg, | It proposes enhancements to Mask R-CNN by
al. [33] PanNuke adding distance maps and hematoxylin-stain
intensities as input channels.
2021| Rahmon et | MoNuSeg It introduces an extension of UNet that
al. [34] incorporates squeeze and excitation blocks
and combines binary cross-entropy loss with
dice loss.
2021| CDNetetal. | MoNuSeg, | It introduces a model that uses centripetal
[35] CPM17 direction features and a direction difference
map to enhance boundary identification and
handle overlapping nuclei.
2022| Haq et al. | TNBC, It proposes a region-level SSL. methodology
[36] MoNuSeg with a novel triplet loss to create a pretrained
vision transformer model.
2022| CircleSnake | Custom It introduces a circle representation-based
[37] Dataset segmentation model that has been developed
for ball-shaped objects.
2022| Nguyen et | MoNuSeg It presents an anchor-free detection
al. [38] framework based on a circle representation,
with heatmaps for center location and radius
prediction.
2022| Ciscnet [39] | Lizard, It introduces a single-branch CNN using a
CoNIC V-Net architecture, incorporating normalized
distance maps and watershed post-processing.
2022| Mahbod et | CryoNuSeg, | It proposes a dual-decoder UNet model that
al. [40] NulnsSeg, uses an encoder and two decoders to produce
MoNuSAC | foreground and distance maps.




Table 1.1 Literature review (continued)

2022 HUNIS [41] | MoNuSeg It introduces a two-stage unsupervised
method that starts with adaptive thresholding
and size priors for initial mask generation,
followed by self-supervised refinement using
these masks as pseudo-labels.

2022| Weigert et | CoNIC It extends StarDist to the CoNIC dataset,

al. [21] incorporating enhancements like geometric
and color augmentations.

2022| Chanchal et | Kidney, It introduces the deep-structured residual

al. [42] TNBC, encoder-decoder network, utilizing a wide
MoNuSeg path and residual connections.
2022| Liu et al. | MultiOrgan, | It introduces a weakly supervised method
[43] TNBC using a dual-branch network combining an
instance encoding network and a semantic
proposal network, utilizing a discriminative
loss.

2023 BAWGNet | DSB2018, It uses the discrete wavelet transform in

[44] MoNuSeg, | a U-net-based architecture, which helps to
TNBC improve the identification of closely located
nuclei.

2023| Martos et al. | Custom Techniques such as advanced image

[9] Dataset, preprocessing, including blurred artifact
MoNuSeg removal and stain normalization, are utilized
to enhance segmentation accuracy.

2023| Rettenberger | Synthetic It evaluates Mask R-CNN and UNet on their

et al. [45] Custom ability to segment overlapping cells.
Dataset
2023| PROnet CPM17, It proposes a weakly supervised nuclei
[10] MoNuSeg segmentation method that employs geodesic
distance-based  Voronoi  diagrams and
k-means clustering.
2023| DARC [11] | CoNSeP, It introduces a methodology that employs a
CPM17 recoloring technique and uses a novel instance

normalization approach.




Table 1.1 Literature review (continued)

2023| Chen et al. | MoNuSeg It proposes an intra-image self-similarity
[46] methodology, which is a label-free approach
for unsupervised nuclei segmentation, using a
UNet trained on the pseudo-labels.
2023| Chen et al. | MoNuSeg, | It introduces an unsupervised method using
[47] BCData Prior Self-activation Maps for pseudo mask
generation through self-supervised learning
and semantic clustering.
2023| Ahmad et | PanNuke, It presents a novel framework that enhances
al. [48] CPM17, detection  capabilities  with  attention
MoNuSeg mechanisms and multiple decoder heads.
2023| SA2-Net MoNuSeg, | It presents a scale-aware attention network
[49] SegPC-2021,| with novel scale-aware and adaptive
ISIC-2018 up-attention modules by focusing on scale
variations and local context.
2023| Parulekar et | MoNuSAC, | It proposes a method for training deep
al. [50] PanNuke, neural networks on multiple datasets using a
CoNSeP coarse-to-fine class hierarchy to adjust loss
functions, enhancing generalization.
2023| FusionU-Net| MoNuSeg, | It incorporates a novel fusion module in
[51] PanNuke a U-Net architecture to reduce semantic
gaps and enhance bi-directional information
exchange across skip connections.
2023| Silva et al. | CryoNuSeg, | It introduces an ensemble approach using
[52] MoNuSeg FPN, Mask R-CNN, U-Net, and PSPNet for
nuclei segmentation.
2023 ConDANet | DSB2018, It presents a contourlet-driven attention
[53] MoNuSeg, | network that enhances segmentation
TNBC by capturing fine edge details with
wavelet pooling, as well as a contourlet
transform-based attention mechanism.
2023| CPP-net DSB2018, It introduces a context-aware polygon
[54] BBBCO006v1,| proposal network that uses a
BBBCO039, | confidence-based weighting module and
PanNuke shape-aware perceptual loss.




Table 1.1 Literature review (continued)

2023| TopoSeg MoNuSeg, | It presents a topology-aware method that
[55] CPM17, integrates topological constraints into the loss
PBNulei function.
2023| cyto-Knet SegPC2021 | It presents a hybrid model that combines
[56] heuristic techniques with deep learning,
employing watershed postprocessing,
conditional kernels, and color balancing.
2023| Rashid et al. | CoNSeP, It introduces an encoder decoder based
[57] PanNuke, CNN that predicts centroid maps and nuclei
Lizard probabilities.
2023| Senapati et | JPI 2016, | It presents sharp dense UNet, an enhancement
al. [58] IEEE TMI | over dense UNet with sharp blocks.
2019, PSB
2015
2023| Lietal. [59] | CPM15, It introduces a dual-path network that learns
CPM17, nuclei and contour features independently,
TNBC integrating them through fusion and attention
modules.
2023| Zhao et al. | MoNuSeg, | It proposes an unsupervised model using a
[60] CoNSeP, siamese network with contrastive learning,
TNBC employing a convolution and attention
network.
2024| Song et al. | DSB2018, | It suggests a way to improve
[61] MoNuSeg segmentation by  combining  external
sparse  representation-based  multi-head
self-attention with a latent entropy-quantified
channel attention mechanism.
2024| SPPNet [62] | MoNuSeg It employs a single-point prompt strategy in
a lightweight vision transformer for efficient
nuclei segmentation, reducing computational
costs while maintaining performance.
2024| Mahbod et | MoNuSeg, | It introduces a hybrid approach that
al. [12] TNBC, enhances nuclei segmentation by combining
CryoNuSeg, | non-deterministic train time and deterministic
CPM15, test time stain normalization, utilizing
CPM17, DDU-Net with novel training techniques and
CoNSeP test time augmentations.




Table 1.1 Literature review (continued)

2024| Song et al. | Kather, It presents a self-supervised methodology for
[63] MoNuSeg, | unpaired image translation using CycleGAN,
Lizard, which incorporates a co-modulated GAN.
Crag,
PanNuke
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2

MATERIALS AND METRICS

As discussed in Chapter 1, there is no universally accepted training and
testing protocol in the nuclei-instance segmentation literature, which complicates
comparisons between studies. To establish a standardized training and testing
protocol within this study, widely used datasets have been selected for training
and testing. The Multi-organ Nucleus Segmentation Challenge (MoNuSeg)
dataset [23] has been utilized for model training, with patches derived from the
dataset. Validation was performed using the test subset of the MoNuSeg dataset.
Cross-domain tests were conducted using the Computational Precision Medicine
2017 [24] (CPM17) and the Colorectal Nuclear Segmentation and Phenotypes
datasets [20] (CoNSeP). All tests were conducted on region of interest (Rol) to

maintain consistency.

Performance metrics have been categorized into two main groups: instance
segmentation and semantic segmentation. This chapter reports on all commonly
used metrics in nuclei segmentation literature, ensuring comprehensive coverage of

evaluation criteria.

2.1 Nuclei Instance Segmentaion Datasets

2.1.1 Multi-organ Nucleus Segmentation Challenge
The Multi-organ Nucleus Segmentation Challenge (MoNuSeg) [23] is a significant

dataset in digital pathology, designed specifically to assess model performance in
nuclei instance segmentation tasks. We chose it as the primary training dataset
for this study due to its widespread recognition as one of the most authoritative
datasets in the literature. The dataset comprises whole slide images stained with
hematoxylin and eosin, scanned at 40x magnification, sourced from the Cancer
Genome Atlas database. The training and testing sets have been predefined as part

of the challenge.
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Figure 2.1 MoNuSeg example patches

The MoNuSeg dataset encompasses tissues from nine different organs: kidney,
breast, lung, liver, colon, brain, bladder, stomach, and prostate. Nuclei density
varies significantly across these tissue types. Figure 2.1 presents sample patches of

256 x 256 pixels for each type of tissue.

The training subset of the MoNuSeg dataset consists of 37 Rol, and the test subset
includes 14 Rol. Each Rol comprises regions of 1000 x 1000 pixels. Training
patches of 256 x 256 pixels were extracted to conform to common model scale
requirements and ensure consistency across methods. These patches are created
with a 50% overlap, also serving as a form of data augmentation. This process

resulted in a total of 1813 input images for the training set.

2.1.2 The Colorectal Nuclear Segmentation and Phenotypes
The Colorectal Nuclear Segmentation and Phenotypes (CoNSeP) dataset [20]

is another widely used resource in the literature. This dataset exclusively
includes images of colon tissues. It comprises images derived from 16 colorectal
adenocarcinoma Rol. The dataset consists of 41 images, each sized at 1000 x 1000

pixels, with 27 designated for training and 14 reserved for testing.

The CoNSeP dataset originates from the Department of Pathology at University
Hospitals Coventry and Warwickshire, UK. The tissues were scanned at 40x
magnification using an Omnyx VL120 scanner. Sample images of size 256 x 256

are presented in Figure 2.2.

In this study, only the 14 image test subset of the CoNSeP dataset was utilized. The

evaluations were conducted on the original 1000 x 1000 pixel whole slide images,
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Figure 2.3 CPM17 example patches

without any patching process.

2.1.3 The Computational Precision Medicine 2017

The Computational Precision Medicine (CPM) nuclei segmentation challenge
dataset [24], part of MICCAI 2017, is another widely used dataset for nuclei
instance segmentation in the literature. Each nucleus within the dataset has been
manually annotated. The CPM 17 dataset includes image tiles extracted from whole
slide tissue images of various cancers, including head and neck squamous cell
carcinoma, glioblastoma multiforme, non-small cell lung cancer, and lower grade

glioma.

Similar to the MoNuSeg dataset, the CPM17 originates from the Cancer Genome
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Figure 2.4 CoNIC example patches

Atlas database. The dataset comprises a total of 64 image tiles, evenly split between
training and testing. These tiles are in the sizes of 500 x 500 and 600 x 600 pixels.

This study used the CPM17 dataset, similar to the CoNSeP dataset, for
cross-domain testing. The performance of the models was evaluated using 32 test
images of varying sizes. Since it was not included in the training dataset and
contains different tissue types similar to the MoNuSeg dataset, all sourced from

TCGA, it can be considered the primary test set.

2.1.4 Colon Nuclei Identification and Counting Challenge 2022
The Colon Nuclei Identification and Counting (CoNIC) dataset [64], although not

widely used in the literature, has been included in this study due to its representation
of six different nuclei classes, providing a basis to measure model classification
performances. The CoNIC dataset is known for its highly imbalanced sample
distribution among classes, making it one of the most challenging datasets to
achieve high performance in the literature. It consists of a total of 4,981 RGB
images, each with a size of 256 x 256. Example segmentation images from this

dataset are shown in Figure 2.4.

The models were evaluated using a 5-fold cross-validation on the CoNIC dataset.
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This process involves using each 20% segment of the dataset for testing,
randomly selecting another 20% for validation, and utilizing the remaining data for
training. This method aims to achieve a more realistic and distribution-independent
assessment of model performance. Although this measurement strategy is accurate,
it is costly in terms of computational resources, as it requires five separate trainings

for each model evaluation.

2.2 Metrics

This section examines the semantic segmentation and instance segmentation metrics
employed in this study. Although the primary aim is not to analyze the semantic
segmentation performance of the models, these metrics play a crucial role in
analyzing the reasons behind the varying levels of success in instance segmentation.
Consequently, commonly used semantic segmentation metrics in the literature,
such as dice, intersection over union, precision, and recall, have been employed.
For instance segmentation, metrics such as aggregated Jaccard index, aggregated

Jaccard index plus, panoptic quality, and panoptic quality plus have been utilized.

2.2.1 Semantic Segmentation Metrics

The Dice metric calculates the overlap ratio between the predicted pixels and the
ground truth pixels, producing values ranging from 1 to 0. The formula for the Dice
metric is provided in Equation 2.1.

2lPNG

_ 2.1
EENE @D

Dice =
where P and G represent the sets of predicted and ground truth pixels, respectively.
The Dice value is twice the ratio of the intersection of the prediction and ground

truth segmentation maps to their summation of areas.

Intersection over Union (IoU) is another metric used for evaluating semantic
segmentation. Like the Dice metric, it measures the overlap ratio between the
ground truth and prediction maps. The IoU metric is defined by the following

formula:
|IPNG|

|PUG]|

Unlike the Dice metric, IoU calculates the ratio of the intersection to the union of

IoU = (2.2)

these segmentation maps, with values ranging between 0 and 1.

Precision is a metric that measures how precise the prediction map is. The formula
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for precision is given below:

|PNG|

Precision =
1P|

(2.3)

This metric calculates the ratio of correctly predicted pixels to the total pixels in the

predicted segmentation.

The recall metric is provided in Formula 2.4. It is calculated by taking the ratio of

the intersection of the prediction and the ground truth maps to the ground truth map:

IPNG

Recall =
G

(2.4)

Recall is especially important in nuclei segmentation since there is commonly
a significant imbalance between background and nuclei classes. Models that
inaccurately predict nuclei pixels as background can significantly degrade instance
segmentation performance. Thus, models demonstrating high recall for background

but low recall for nuclei likely suffer from this predictive bias.

2.2.2 Instance Segmentation Metrics

Instance segmentation metrics differ from semantic segmentation metrics by
requiring a match between each ground truth instance and its predicted counterpart.
To achieve this, the IoU is calculated for all ground truth and predicted instances.
Matching starts with the prediction that has the highest IoU overlap, and this process
continues to align all predictions with their corresponding ground truth instances.
Predictions that do not match any ground truth instance are classified as false

positives.

One of the most widely used metrics for nuclei instance segmentation in the
literature is the Aggregated Jaccard Index (AJI) [23]. The formula for the AJI
metric is given in Equation 2.5. It is calculated by summing the intersection areas
of the instances in the ground truth map with the highest overlapping predicted
instances, and then dividing this sum by the total area of all ground truth and

predicted instances.

321 [Gi O P

All = —
> izt |G U Boesi(iy | + 2icug |Grl + 2icu, [P

(2.5)

The AJI, which is widely used in the literature to assess nuclei instance

segmentation, is calculated as the ratio of the sum of the intersection areas of
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the best matching ground truth and predicted instances to the sum of all ground
truth and predicted areas. A.JI values range from O to 1. The enhanced metric,
AJI™", enhances this by optimizing the matching process to maximize the sum of

intersections. This ensures that the value of AJI* is always greater than or equal
to AJI.

Another commonly used metric in the literature, and a foundational one for this
study, is the Panoptic Quality (PQ). As outlined in Equations 2.6 and 2.7, P() is
calculated by multiplying two separate metrics, similar to the F1 score. Detection
Quality (DQ) measures how successfully the model detects nuclei, while Semantic

Quality (SQ) evaluates how accurately the detected instances are segmented.

|T-Pt| Z(pt,gt)ETP [OU<pt7 gt)
PQ, = 7 - X (2.6)
[TE|+ 51FR| + 5 FNi TP,
detection ;;lity (DQ) Segmentatic;quuality (SQ)
1 T
PQ==>P 2.7
mPQ T .- Q1 (2.7)

In the assessment of panoptic quality, if the IoU between the predicted instance p;
and the ground truth instance g, is greater than or equal to 0.5, it is considered a
true positive (7'P). All other predictions are classified as false positives or false
negatives. The 7" denotes the number of classes. The PQ is computed for each

class separately, and their average is taken to calculate the mean Panoptic Quality

(mPQ).

The panoptic quality (P(@)) metric is computed for each patch, and their average
represents the dataset’s overall performance. However, due to the varying density
of nuclei across different patches, the standard deviation of P() values between
patches can be high. Therefore, the PQ™ metric has been proposed in the literature
[64]. Unlike the standard P(Q metric, PQ™ treats the entire dataset as a single
image. It calculates the true positives (17'P), false positives (F'P), and false

negatives (F'N) across the entire dataset and then computes the PQ™" metric.
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3

NUCLEI INSTANCE SEGMENTATION WITH
UNET-LIKE ARCHITECTURES

UNet architectures have a broad range of applications in the literature, from
semantic segmentation to specific tasks like tissue segmentation [28, 65, 66]. The
extensive use of UNet is not only due to its simple architectural design but also
its ability to achieve high performance. This has made UNet a common choice in

research on semantic and instance segmentation, especially in studies of nuclei [66].

While various studies report experimental results using different datasets and
UNet architectures [21, 67, 68], the lack of a uniform experimental setup
makes direct comparisons between models inappropriate. There is a significant
gap in the literature regarding the comparison of UNet models for nuclei
instance segmentation. To bridge this gap, we developed several UNet models
under a consistent experimental setup using the MoNuSeg and CoNIC datasets.
Additionally, we discussed factors affecting model performance and proposed
methods for improvement. Furthermore, we used the simple watershed algorithm
[16] to convert semantic segmentation predictions into instance segmentation,
emphasizing that the architecture of the model is a significant factor influencing

performance.

In this chapter, we explore nuclei instance segmentation using various UNet
architectures. Initially, we employ the standard UNet model and strive to achieve
the highest possible accuracy. We evaluate different loss functions and explore
other transformer-based UNet architectures, such as TransUNet and Swin-UNet.
Furthermore, we propose an adaptive thresholding technique aimed at enhancing
the accuracy of the instance segmentation models and reducing model uncertainty.
Lastly, we compare all the UNet architectures examined and assess the impact of

our proposed thresholding methodology.
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Figure 3.1 UNet architecture

3.1 Classical UNet Architecture
The classical UNet model was first introduced in 2015 by Ronneberger et al. for

medical image segmentation [69]. This is a fully convolutional neural network that
only uses convolutional filters to transform an input image into an output probability
matrix. The original UNet architecture does not apply any padding to the input of
the convolutional filters. Instead, cropping is used on the output image to achieve
the desired dimensions before performing the concatenation process. The final
output, a probability matrix, is then scaled to fit the input image’s dimensions. In
contemporary approaches, padding is applied to the input matrices to ensure that the
dimensions of the output matrix remain unchanged, and the concatenation process is
performed with the resulting feature vectors [70]. In this study, the modern approach
is implemented, with the model that generates an output probability matrix the same

size as the input image.

Figure 3.1 displays the architecture of the UNet model, which consists of two
main components: the encoder and the decoder. The encoder is comprised of
successive convolution blocks (Conv Block) and max pooling layers. However, the
architecture’s success is primarily due to interconnections between levels rather than
this sequential structure. The first level can be termed as P0, which produces an
output of the same dimensions as the input image. Subsequently, pooling is applied
to reduce the dimension by half, achieving the P1 level. This process is repeated

until the image size is reduced to 1/16 at the P4 level. As the model progresses from
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PO to P4, it transitions from fine to coarse feature vectors. Intuitively, while coarse
feature vectors are indicative of the object classes, fine feature vectors delineate the

object boundaries [69].

The decoder in the UNet architecture concatenates coarse and fine feature vectors
obtained at each level, transferring both the class information and boundary details
to the next higher level. At the PO level, this generates a comprehensive feature
vector that includes both of these aspects while remaining the same size as the
original input image. This feature vector is then processed with a convolution filter
with an equal number of channels as classes, producing a matrix representing the

class probability distribution.

A Convolution Block (Conv Block) in the UNet architecture consists of successive
3 x 3 convolution layers, followed by batch normalization [71] and the ReLU
(Rectified Linear Unit) [72] activation function. The convolution filters are applied
to extract feature vectors from the image. Batch normalization then standardizes
these feature vectors to a specific distribution, reducing vanishing or exploding
gradient problems during training and allowing for the stable training of deeper
models [73]. The ReLU activation function introduces non-linearity, allowing the
model to learn more complex patterns in the data while avoiding the vanishing

gradient problem by not constraining the output to a narrow range [72].

Let us define U Net(.) as the function representing the UNet semantic segmentation
model, where Block?(.) denotes the p" convolution block, and X € R>*"* is an
input image. The process of obtaining a semantic segmentation probability matrix

for a given input image X is formalized as follows:

Block? . i(xp) = E, and X =xz9 where pe0,1,....,n (3.1)

MazPool(E,) = xp1 (3.2)
Blockssm(n) = En = D, (3.3)
UpSample(D,) = U, (3.4)
Blockgecoger ([Ep-1, Up]) = Dy (3.5)
Conv(Dy) =Y (3.6)

where n is the number of levels, and ¥ € R" % represents the semantic

segmentation map, with ¢ denoting the number of classes.
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Since the model was developed for the semantic segmentation task, it is necessary
to convert these results into instance segmentation predictions. To achieve this,
the watershed algorithm has been utilized. For each class prediction mask, points
furthest from the background are identified and assigned as nucleus centers. A
distance map, which measures the proximity to the nearest background pixel,
along with the center map and the semantic segmentation map, are provided to the

watershed algorithm. This process yields the final instance segmentation output.

3.1.1 UNet Experimental Setup

The UNet model was trained with semantic segmentation labels from the CoNIC
and MoNuSeg datasets. During training on the CoNIC dataset, the model also
performs a classification task for 6 classes. As suggested in Section 2.1.4, 5-fold

cross-validation was used to better measure the model’s performance.

The MoNuSeg dataset was only used for training the UNet model for nuclei instance
segmentation. In adherence to established practices in the literature, the same subset
was used for both validation and testing. However, to achieve a more realistic
assessment of the model’s performance, cross-testing was conducted. The model
trained with the MoNuSeg dataset was tested using the test subsets of the CPM17
and CoNSeP datasets. This approach not only facilitated a realistic measurement of

performance but also enabled cross-domain testing.

The AdamW optimizer [74] was utilized, and the batch size was set to 16. The
Cyclic Learning Rate Scheduler [75] was employed, with the maximum learning
rate set at 0.0006. Cross entropy served as the loss function. In total, the training
process involved 40,000 steps. The model was trained using input sizes of 256x256

patches without any resizing, although testing was conducted on Rol.

3.1.2 UNet Results

We evaluated the UNet model from two different perspectives. Initially, we assessed
both instance segmentation and classification performance using the CoNIC dataset.
In the second phase, we trained the model exclusively with the MoNuSeg dataset,
which labels only nuclei, and subsequently performed in-domain and cross-domain
tests using the CPM17 and CoNSeP datasets. Furthermore, we evaluated the
model’s semantic segmentation performance to investigate its relationship with

instance segmentation performance.

The semantic segmentation results for the UNet model are presented in Table
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Table 3.1 UNet semantic segmentation results on CoNIC dataset

Fold I Bg Neu Epi Lym Pla Eos Con

0.7471 | 0.9716 | 0.5315 | 0.8389 | 0.8089 | 0.6599 | 0.6292 | 0.7896
0.7480 | 0.9706 | 0.5328 | 0.8416 | 0.8075 | 0.6624 | 0.6402 | 0.7811
0.7456 | 0.9720 | 0.5226 | 0.8405 | 0.8101 | 0.6547 | 0.6321 | 0.7874
0.7446 | 0.9714 | 0.5288 | 0.8359 | 0.7997 | 0.6649 | 0.6291 | 0.7824
0.7470 | 0.9712 | 0.5439 | 0.8413 | 0.8059 | 0.6516 | 0.6357 | 0.7794
1 0.7465 | 0.9714 | 0.5319 | 0.8396 | 0.8064 | 0.6587 | 0.6333 | 0.7840
0.6160 | 0.9448 | 0.3620 | 0.7225 | 0.6792 | 0.4925 | 0.4590 | 0.6524
0.6166 | 0.9429 | 0.3632 | 0.7265 | 0.6771 | 0.4952 | 0.4708 | 0.6409
0.6147 | 0.9455 | 0.3537 | 0.7248 | 0.6808 | 0.4867 | 0.4621 | 0.6493
0.6125 | 0.9444 | 0.3594 | 0.7181 | 0.6663 | 0.4980 | 0.4589 | 0.6426
0.6152 | 0.9441 | 0.3735 | 0.7260 | 0.6749 | 0.4833 | 0.4660 | 0.6386
1 0.6150 | 0.9443 | 0.3624 | 0.7236 | 0.6757 | 0.4911 | 0.4634 | 0.6448
0.7328 | 0.9711 | 0.4725 | 0.8468 | 0.8186 | 0.6321 | 0.6056 | 0.7827
0.7437 | 0.9689 | 0.4941 | 0.8575 | 0.8073 | 0.6567 | 0.6533 | 0.7683
0.7385 | 0.9716 | 0.4679 | 0.8441 | 0.8063 | 0.6285 | 0.6564 | 0.7950
0.7368 | 0.9706 | 0.4749 | 0.8456 | 0.8017 | 0.6588 | 0.6328 | 0.7732
0.7449 | 0.9680 | 0.5265 | 0.8642 | 0.8074 | 0.6209 | 0.6417 | 0.7852
I 0.7393 | 0.9700 | 0.4872 | 0.8516 | 0.8083 | 0.6394 | 0.6380 | 0.7809
0.7646 | 0.9722 | 0.6074 | 0.8312 | 0.7995 | 0.6903 | 0.6548 | 0.7966
0.7535 [ 0.9723 | 0.5781 | 0.8263 | 0.8077 | 0.6682 | 0.6276 | 0.7945
0.7554 | 0.9724 | 0.5917 | 0.8368 | 0.8139 | 0.6831 | 0.6095 | 0.7800
0.7545 | 0.9721 | 0.5965 | 0.8265 | 0.7978 | 0.6712 | 0.6255 | 0.7919
0.7500 | 0.9745 | 0.5624 | 0.8195 | 0.8044 | 0.6856 | 0.6298 | 0.7737
I 0.7556 | 0.9727 | 0.5872 | 0.8281 | 0.8047 | 0.6797 | 0.6294 | 0.7873

Dice
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3.1. It is evident that the UNet model effectively segments the background class.
However, considering that approximately 84% of the CoNIC dataset consists of
background and only 16% is nuclei, achieving the highest performance metrics
for background segmentation is inevitable. In contrast, the model also exhibits
substantial effectiveness in segmenting nuclei. However, as seen in the examples
in Figure 3.2, there are instances where a single nucleus contains pixels from
two different classes. This issue significantly undermines the class-based semantic

segmentation performance for nuclei.

Table 3.2 presents the 5-fold cross-validation instance segmentation results for the
UNet model on the CoNIC dataset. The consistency of mPQ™ values across
different folds suggests a balanced distribution of instances within the dataset folds.
The highest class-based performance was achieved in the lymphocyte class with
a PQT of 0.6134. Although high performance was anticipated for the epithelial
class, which has the most examples, it recorded a surprisingly low PQ™ of
0.3859. As illustrated in Figure 3.3, despite the model’s effective segmentation,

its instance segmentation performance is compromised because it cannot separate
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Figure 3.2 UNet semantic segmentation prediction on CoNIC patches

Table 3.2 UNet instance segmentation results on CoNIC dataset

Fold mPQ+ PQI—\’I_eu P()ijl_pi PQEym PQI_:la PQEOS P(Q—C'—on

1 0.4525 | 0.3019 | 0.3991 | 0.6052 | 0.4954 | 0.3555 | 0.5578
0.4518 | 0.2937 | 0.3706 | 0.6229 | 0.5062 | 0.3617 | 0.5556
0.4473 | 0.2786 | 0.3881 | 0.6136 | 0.4945 | 0.3542 | 0.5548
0.4520 | 0.2954 | 0.3955 | 0.6164 | 0.5014 | 0.3523 | 0.5511
0.4443 | 0.2888 | 0.3764 | 0.6088 | 0.4939 | 0.3518 | 0.5463
0.4496 | 0.2917 | 0.3859 | 0.6134 | 0.4983 | 0.3551 | 0.5531

= || AW

closely located nuclei. Additionally, the neutrophil class, which achieved the
lowest performance with a PQ™ of 0.2717, also displayed poor results in semantic
segmentation. There is a clear correlation between the poor performance and the

limited number of examples in the dataset for this class.

The in-domain and cross-domain semantic segmentation results of the UNet model
trained with the MoNuSeg dataset are presented in Table 3.3. Both the in-domain
MoNuSeg and the cross-domain CPM17 datasets yield closely matched results,
demonstrating high effectiveness in segmenting the targeted classes. However, the
performance on the CoNSeP dataset is comparatively lower. Despite achieving a
recall of 0.9597 and a precision of 0.9258 on the CoNSeP dataset, the relatively
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Figure 3.3 UNet instance segmentation prediction on CoNIC patches

Table 3.3 Semantic segmentation results of UNet trained on MoNuSeg dataset

Test Dataset 0 Background | Nuclei
MoNuSeg | 0.8814 0.9491 0.8137

Dice CPM17 0.8802 0.9583 0.8021
CoNSeP | 0.8412 0.9424 0.7399

MoNuSeg | 0.7946 0.9031 0.6860

IoU CPM17 0.7948 0.9200 0.6695
CoNSeP | 0.7391 0.8911 0.5872

MoNuSeg | 0.8786 0.9518 0.8055

Recall CPM17 0.8448 0.9882 0.7013
CoNSeP | 0.8220 0.9597 0.6842

MoNuSeg | 0.8843 0.9465 0.8222

Precision CPM17 0.9335 0.9302 0.9367
CoNSeP | 0.8656 0.9258 0.8054

Table 3.4 Instance segmentation results of UNet trained on MoNuSeg dataset

Test Dataset | PQ™ | PQ SQ DQ AJTT [ AJI

MoNuSeg 0.5414 | 0.5392 | 0.7631 | 0.7056 | 0.5819 | 0.5530
CPM17 0.5301 | 0.5282 | 0.7765 | 0.6758 | 0.5899 | 0.5782
CoNSeP 0.2608 | 0.2497 | 0.7448 | 0.3334 | 0.2978 | 0.2120

lower success rate in nuclei segmentation suggests that the model tends to produce

background predictions when applied to a different domain.

The instance segmentation results of the UNet model trained with the MoNuSeg

dataset are presented in Table 3.4. Similar to the semantic segmentation results,

the instance segmentation outcomes on the MoNuSeg and CPM17 datasets are

comparable. However, the UNet model has demonstrated significantly lower
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performance on the CoNSeP dataset, with a PQ™* of 0.2608. While a D(Q
performance of 0.7056 was achieved on the MoNuSeg dataset, only a D() of 0.3334
was obtained on the CoNSeP dataset, indicating the model’s inability to effectively
detect nuclei there. As observed in Figure 3.4, the nuclei in the MoNuSeg dataset
are more distinctly separated compared to those in the CoNSeP dataset, where
nuclei are closer together. Consequently, it is easier to successfully derive instance
segmentation predictions from semantic segmentation predictions in datasets where

nuclei are more spaced apart.

A significant factor affecting performance across all tests conducted on the CoNIC,
MoNuSeg, CPM17, and CoNSeP datasets is the model’s classification of nuclei that
are only a few pixels in size. These small-scale classifications can be problematic

because each tiny blob is considered a separate nuclei instance. While this does

25



Figure 3.5 UNet false prediction examples

not greatly diminish semantic segmentation performance, it substantially reduces
the performance of instance segmentation. An example of how these erroneous

predictions impact instance segmentation is illustrated in Figure 3.5.

3.2 Adaptive Thresholding

As previously mentioned, the performance of instance segmentation is
compromised by predictions involving only a few pixels. To address this issue,
we propose an adaptive thresholding post-processing method. This technique
dynamically adjusts the threshold, improving accuracy by effectively distinguishing

between true objects and noise.

In general instance segmentation problems, it is impossible to determine the
average object size of the target. However, in scanned histopathology images, the
magnification level is constant, resulting in minimal size variation between objects
of the same class. Leveraging this information enables size data to be used to make

informed decisions about whether a predicted nucleus is likely correct or incorrect.

To enable thresholding, it is necessary to determine a threshold value for each class
during training. In P(Q) metric, using a strict match criterion can be too restrictive,
as a prediction with 50% or more overlap is typically considered successful, and
directly applying thresholding based on ground truth labels may lead to a reduction
in true positive cases. Therefore, we suggest that the threshold determination
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process should be based on measuring performance over the model’s validation

dataset predictions.

In the adaptive thresholding methodology, semantic segmentation results are first
obtained using a model on the validation dataset. Watershed is then applied to
the semantic segmentation map for each class to generate instance predictions.
Pixel-based thresholding is applied to these instances, yielding PQ™ performance
metrics. The threshold value that produces the best performance for each class is
assigned to that class, and this determined threshold is used during testing. The

methodology of adaptive thresholding is summarized in Figure 3.6.

Table 3.5 displays the model’s performance, trained on Fold-1 of the CoNIC dataset

and tested on its validation subset. Thresholding was conducted in increments
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Table 3.5 Instance segmentation performance of fold-1 validation based on
threshold

Th | mPQ PQIJ\Jreu PQgpi PQﬁym PQIJ’rla PQ]JZros PQéron

S ]0.4836 | 0.3299 | 0.3841 | 0.6535 | 0.5442 | 0.4076 | 0.5826
10 | 0.4939 | 0.3409 | 0.3859 | 0.6623 | 0.5583 | 0.4231 | 0.5930
15 | 0.5002 | 0.3489 | 0.3867 | 0.6675 | 0.5663 | 0.4329 | 0.5992
20 | 0.5054 | 0.3555 | 0.3866 | 0.6694 | 0.5720 | 0.4451 | 0.6038
25 | 0.5085 | 0.3611 | 0.3860 | 0.6674 | 0.5757 | 0.4542 | 0.6066
30 | 0.5063 | 0.3622 | 0.3847 | 0.6559 | 0.5732 | 0.4548 | 0.6072
35 1 0.4992 | 0.3610 | 0.3825 | 0.6272 | 0.5614 | 0.4615 | 0.6013
40 | 0.4857 | 0.3618 | 0.3798 | 0.5828 | 0.5393 | 0.4599 | 0.5904
45 | 0.4651 | 0.3596 | 0.3760 | 0.5256 | 0.5013 | 0.4538 | 0.5742
50 | 0.4403 | 0.3575 | 0.3709 | 0.4587 | 0.4544 | 0.4487 | 0.5520
55 | 0.4093 | 0.3414 | 0.3644 | 0.3838 | 0.4042 | 0.4335 | 0.5286
60 | 0.3774 | 0.3269 | 0.3565 | 0.3133 | 0.3473 | 0.4189 | 0.5012
65 | 0.3429 | 0.2972 | 0.3483 | 0.2428 | 0.2909 | 0.4075 | 0.4704

Table 3.6 Comparison of thresholding and adaptive thresholding on CoNIC fold-1
test dataset

Th mPQ PQgeu PQgpi P(21—":ym P(Ql—l_la PQEOS P(lzij_on
- 0.4525 | 0.3019 | 0.3991 | 0.6052 | 0.4954 | 0.3555 | 0.5578
25 0.5070 | 0.3726 | 0.4107 | 0.6476 | 0.5658 | 0.4343 | 0.6109

[30, 15, 20,
25. 35. 30] 0.5105 | 0.3775 | 0.4114 | 0.6500 | 0.5658 | 0.4468 | 0.6115

of 5 pixels, ranging from 5 pixels to 65 pixels in size. The highest performance
was achieved with a threshold of 25 pixels. However, Table 3.5 indicates in red
that different threshold values yield the peak performance for each class. This
suggests that class-by-class implementation of adaptive thresholding will result in

more successful outcomes.

Table 3.6 presents a comparison between the outcomes of using a fixed threshold
and an adaptive threshold for each class, based on the CoNIC Fold-1 test subset.
Applying a fixed threshold improves performance by 5.45% compared to using no
thresholding. Implementing adaptive thresholding further enhances performance,
resulting in a 5.8% increase. Considering that the most successful models trained
on the CoNIC dataset in the literature typically show less than a 1% difference in

performance, an improvement of approximately 5-6% is notably significant.

The results of the UNet model employing adaptive thresholding for instance
segmentation on the CoNIC dataset are presented in Table 3.7. A performance
of 0.5090 mPQ" was achieved across 5 folds, which is 5.9% higher compared
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Figure 3.7 Example instance predictions of UNet w/wo adaptive thresholding

Table 3.7 Instance segmentation result of UNet with adaptive thresholding on
CoNIC dataset

Fold mPQ PQIJ\Ireu PQEpi PQInym PQIJ’rla PQlJEros PQJCron

1 10.5105|0.3775 | 0.4114 | 0.6500 | 0.5658 | 0.4468 | 0.6115
0.5109 | 0.3748 | 0.3820 | 0.6666 | 0.5755 | 0.4588 | 0.6078
0.5071 | 0.3591 | 0.4000 | 0.6560 | 0.5620 | 0.4551 | 0.6105
0.5109 | 0.3805 | 0.4087 | 0.6580 | 0.5737 | 0.4408 | 0.6037
0.5057 | 0.3962 | 0.3881 | 0.6526 | 0.5627 | 0.4346 | 0.6002
0.5090 | 0.3776 | 0.3980 | 0.6566 | 0.5679 | 0.4472 | 0.6067

BN RV, 1 N RIS N )

to results without any thresholding applied. The class-specific PQ* values
showed notable improvements: Neutrophil increased by 8.5%, epithelial by 1.2%,
lymphocyte by 4.3%, plasma by 6.9%, eosinophil by 9.2%, and connective by
5.3%. Figure 3.7 illustrates the impact of these results on instance segmentation

performance across CoNIC patches.

Table 3.8 displays the 5-fold semantic segmentation performance of the UNet model
on the CoNIC dataset with adaptive thresholding applied. Adaptive thresholding,
which reassigns less confident predictions to the background class to enhance

instance segmentation performance, has resulted in a slight decrease in semantic
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Table 3.8 Semantic segmentation result of UNet with adaptive thresholding on
CoNIC dataset

Fold 7 Bg Neu Epi Lym Pla Eos Con

0.7464 | 0.9713 | 0.5267 | 0.8389 | 0.8088 | 0.6586 | 0.6332 | 0.7877
0.7475 | 0.9703 | 0.5282 | 0.8416 | 0.8065 | 0.6627 | 0.6434 | 0.7798
0.7442 | 09717 | 0.5116 | 0.8404 | 0.8089 | 0.6521 | 0.6372 | 0.7872
0.7433 | 0.9711 | 0.5203 | 0.8360 | 0.7985 | 0.6623 | 0.6328 | 0.7822
0.7474 | 0.9709 | 0.5498 | 0.8413 | 0.8046 | 0.6495 | 0.6366 | 0.7789
1 0.7458 | 0.9711 | 0.5273 | 0.8396 | 0.8055 | 0.6570 | 0.6366 | 0.7832
0.6153 | 0.9442 | 0.3575 | 0.7225 | 0.6789 | 0.4910 | 0.4633 | 0.6497
0.6160 | 0.9424 | 0.3589 | 0.7264 | 0.6757 | 0.4955 | 0.4742 | 0.6391
0.6133 | 0.9450 | 0.3437 | 0.7248 | 0.6791 | 0.4838 | 0.4676 | 0.6491
0.6112 | 0.9438 | 0.3516 | 0.7182 | 0.6646 | 0.4951 | 0.4629 | 0.6423
0.6154 | 0.9435 | 0.3791 | 0.7261 | 0.6730 | 0.4809 | 0.4670 | 0.6379
1 0.6142 | 0.9438 | 0.3582 | 0.7236 | 0.6743 | 0.4893 | 0.4670 | 0.6436
0.7211 | 0.9721 | 0.4532 | 0.8456 | 0.8074 | 0.6169 | 0.5853 | 0.7672
0.7313 | 0.9697 | 0.4600 | 0.8564 | 0.7955 | 0.6429 | 0.6371 | 0.7578
0.7213 | 0.9727 | 0.4311 | 0.8430 | 0.7946 | 0.6121 | 0.6149 | 0.7808
0.7208 | 0.9715 | 0.4357 | 0.8444 | 0.7894 | 0.6353 | 0.6051 | 0.7641
0.7293 | 0.9689 | 0.4977 | 0.8631 | 0.7953 | 0.6059 | 0.5986 | 0.7755
1 0.7248 | 0.9710 | 0.4555 | 0.8505 | 0.7964 | 0.6226 | 0.6082 | 0.7691
0.7781 | 0.9706 | 0.6285 | 0.8323 | 0.8101 | 0.7065 | 0.6897 | 0.8093
0.7675 | 0.9710 | 0.6201 | 0.8272 | 0.8178 | 0.6837 | 0.6498 | 0.8032
0.7734 | 0.9708 | 0.6290 | 0.8379 | 0.8236 | 0.6978 | 0.6611 | 0.7936
0.7726 | 0.9706 | 0.6458 | 0.8277 | 0.8077 | 0.6917 | 0.6633 | 0.8011
0.7691 | 0.9730 | 0.6139 | 0.8205 | 0.8141 | 0.6999 | 0.6798 | 0.7824
1 0.7721 | 0.9712 | 0.6275 | 0.8291 | 0.8147 | 0.6959 | 0.6687 | 0.7979
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Table 3.9 Instance segmentation result of UNet trained on MoNuSeg dataset with
adaptive thresholding

Test Dataset | PQ™ | PQ SQ DQ AJIT | AJI

MoNuSeg 0.5700 | 0.5701 | 0.7631 | 0.7464 | 0.5824 | 0.5532
CPM17 0.5602 | 0.5567 | 0.7765 | 0.7126 | 0.5896 | 0.5777
CoNSeP 0.2820 | 0.2721 | 0.7449 | 0.3637 | 0.2972 | 0.2111

segmentation metrics. The Dice score has decreased from 0.7465 to 0.7458, and
the IoU has dropped from 0.6150 to 0.6142. Notably, the recall has fallen more
significantly, from 0.7393 to 0.7248, representing a decline of more than 1%.
However, as adaptive thresholding aims to reduce false predictions, the precision
score has improved from 0.7556 to 0.7721. Given that this study aims to improve
instance segmentation performance, the slight decrease in semantic segmentation

metrics is considered acceptable.

Table 3.9 presents the instance segmentation results of the UNet model trained
on the MoNuSeg dataset, employing adaptive thresholding methodology for

both in-domain and out-domain testing. Additionally, the the model’s semantic
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Table 3.10 Semantic segmentation result of UNet trained on MoNuSeg dataset
with adaptive thresholding

Test Dataset 0 Background | Nuclei
MoNuSeg | 0.8816 0.9492 0.8139
Dice CPM17 0.8798 0.9583 0.8014
CoNSeP | 0.8408 0.9424 0.7392
MoNuSeg | 0.7948 0.9034 0.6862
IoU CPM17 0.7942 0.9199 0.6686
CoNSeP | 0.7387 0.8911 0.5863
MoNuSeg | 0.8785 0.9522 0.8047
Recall CpPM17 0.8442 0.9883 0.7000
CoNSeP | 0.8212 0.9601 0.6823
MoNuSeg | 0.8848 0.9463 0.8233
Precision CPM17 0.9335 0.9300 0.9371
CoNSeP | 0.8659 0.9254 0.8064

Table 3.11 Comparison of the w/wo adaptive thresholding on instance
segmentation task

Method Train Dataset | Test Dataset | mPQ™
MoNuSeg | 0.5414

MoNuSeg CPM17 0.5301

S Ve CoNSeP | 0.2608
CoNIC CoNIC 0.4496

MoNuSeg | 0.5700

MoNuSeg CPM17 0.5602

UNet + WS + AT CoNSeP | 0.2820
CoNIC CoNIC 0.5090

segmentation results are given in Table 3.10. Since the MoNuSeg dataset involves
only a single class for instance segmentation, applying an adaptive methodology
class-by-class is not possible. Moreover, the absence of a separate validation
dataset means that conducting step-by-step thresholding on the test subset is not
appropriate. Instead, based on empirical assessments and visualization of model
predictions (see Figure 3.8), a 40-pixel threshold was selected. This method makes
sure that the results are reliable, but direct comparisons with datasets like CoNIC,
which have a validation subset, might not show equivalency correctly because they

use different validation datasets.

Results with and without adaptive thresholding are compared in Table 3.11, showing
significant performance enhancements across multiple datasets. The MoNuSeg
and CPM17 datasets each increased by about 3%, followed by CoNSeP with a
2% increase, and CoNIC by 6%. These results affirm the substantial impact
of this post-processing method on performance. However, there are drawbacks
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Figure 3.8 Effect of adaptive thresholding

to the technique, particularly its reliance on a validation dataset. In cases like
MoNuSeg, where no validation set is available, optimizing an additional threshold

hyperparameter becomes necessary, which can complicate the model’s application.

3.3 Examination of Loss Functions with Classical U-Net

Experiments on the CoNIC dataset demonstrate a clear correlation between
significant class imbalance and reduced performance across nuclei classifications.
To address the issue of imbalanced data, several loss functions were evaluated. The
UNet model was trained on the CoNIC dataset, utilizing 5-fold cross-validation to
assess the effectiveness of each loss function. Additionally, the UNet model was
adapted for the instance segmentation task using a combination of watershed and
adaptive thresholding methodologies.

The analysis used eight different loss functions: Cross-entropy (CE), Dice [76],
Focal [77], Tversky [78], Focal-Tversky (FT) [79], Log-Cosh Dice (LCD) [80], L1,
and Mean Square Error (MSE, also known as L2). The mathematical expressions

for each of these functions are provided in Table 3.12.
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Table 3.12 Mathematical expressions of analyzed loss functions

Loss function Mathematical Expression
N
1
CE loss L Cross-entropy — _N Z Z gzc lOg 57?,
Cc:lNz:1
22, 2.9
Dice loss [76] | Lpjee =1 — =
2, 29+ Z Z 5§
c=1i=1 c=1i=
1 S X
Focal loss [77] | L = =77 (1= 55)g¢ log s

c=1 i=1

LTversky =1- T<055 6),

ZZQH

c=11i=

Tversky loss [78]

LTverSky =1- C N

S5 -

c=1i= c=1i=1 c=11i=1

FT 1OSS [79] LFacal-Tversky — (L ersky)
LCD loss [80] L 1og-cosh dice = 10g(cosh(L pice)), cosh(z) = '
1 C N
L1 loss LLIZNZZgﬂl—Sﬂ
1c:lci=§v
— c c\2
MSE loss LMSE—NZZgz(l—SZ)

c=1 i=1
g5 1s the ground truth binary indicator of class label ¢ of pixel 1, and s{ is the

corresponding predicted segmentation probability [81].

C' is the total number of nuclei classes, and NV is the total number of the pixels.

v is an exponential coefficient in focal loss function and it is stated that v=2 yields
best performance [77, 81].

« and (3 are hyper-parameters that control the balance between the false negatives
and false positives [81].

Table 3.13 presents the fold-based instance segmentation results for the CoNIC
dataset. A stable loss function should show low variation in performance across
similar folds. The cross-entropy loss function best illustrates this stability, with
the smallest difference between the highest (0.5109 mP(@)) and lowest (0.5057
mP(Q)) performance. In contrast, other loss functions show significant variability,
as indicated by the metrics PQy,, PQp,,, and PQy. .. Some loss functions result in
zero performance, whereas others have more than 10% difference between the best
and worst performing folds. Cross-entropy and focal loss consistently generate the

most reliable outcomes.

Table 3.14 shows the mean instance segmentation performance by loss function.
Cross-entropy loss achieved the highest results with 0.5090 mPQ™*. Although
cross-entropy did not produce the best results for each nuclei class, it consistently

performed well across all classes. Additionally, L2 (mean square error) and focal
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Table 3.13 UNet instance segmentation results based on loss functions

Fold mPQ PQI—\il_eu PQEpi PQITym PQl—l_la PQEOS PQé_on
0.5105 | 0.3775 | 0.4114 | 0.6500 | 0.5658 | 0.4468 | 0.6115
0.5109 | 0.3748 | 0.3820 | 0.6666 | 0.5755 | 0.4588 | 0.6078
0.5071 | 0.3591 | 0.4000 | 0.6560 | 0.5620 | 0.4551 | 0.6105
0.5109 | 0.3805 | 0.4087 | 0.6580 | 0.5737 | 0.4408 | 0.6037
0.5057 | 0.3962 | 0.3881 | 0.6526 | 0.5627 | 0.4346 | 0.6002
0.3671 | 0.0000 | 0.4112 | 0.6436 | 0.5346 | 0.0000 | 0.6131
0.2706 | 0.0000 | 0.3837 | 0.6362 | 0.0000 | 0.0000 | 0.6035
0.3643 | 0.0000 | 0.3992 | 0.6480 | 0.5282 | 0.0000 | 0.6106
0.2749 | 0.0000 | 0.4082 | 0.6318 | 0.0000 | 0.0000 | 0.6097
0.3515 | 0.0000 | 0.4034 | 0.6435 | 0.4559 | 0.0000 | 0.6061
0.5077 | 0.3797 | 0.4106 | 0.6542 | 0.5757 | 0.4187 | 0.6071
0.5094 | 0.3673 | 0.3786 | 0.6690 | 0.5830 | 0.4587 | 0.5995
0.5023 | 0.3449 | 0.3949 | 0.6562 | 0.5699 | 0.4418 | 0.6064
0.5098 | 0.3798 | 0.4059 | 0.6596 | 0.5797 | 0.4325 | 0.6014
0.5079 | 0.4006 | 0.3994 | 0.6594 | 0.5648 | 0.4203 | 0.6033
0.3797 | 0.1630 | 0.3721 | 0.5726 | 0.4209 | 0.2527 | 0.4966
0.3946 | 0.2166 | 0.3540 | 0.6121 | 0.4242 | 0.2968 | 0.4639
0.3763 | 0.2092 | 0.3554 | 0.5712 | 0.4280 | 0.2631 | 0.4307
0.4131 | 0.2473 | 0.3722 | 0.5980 | 0.4454 | 0.3412 | 0.4745
0.4241 | 0.2641 | 0.4132 | 0.6209 | 0.4570 | 0.3369 | 0.4523
0.3642 | 0.0000 | 0.4129 | 0.6410 | 0.5210 | 0.0000 | 0.6105
0.2712 | 0.0000 | 0.3819 | 0.6378 | 0.0000 | 0.0000 | 0.6078
0.2723 | 0.0000 | 0.4000 | 0.6265 | 0.0000 | 0.0000 | 0.6075
0.3680 | 0.0000 | 0.4077 | 0.6514 | 0.5381 | 0.0000 | 0.6108
0.3635 | 0.0000 | 0.4018 | 0.6501 | 0.5236 | 0.0000 | 0.6056
0.5074 | 0.3720 | 0.4096 | 0.6523 | 0.5662 | 0.4314 | 0.6126
0.5078 | 0.3599 | 0.3878 | 0.6699 | 0.5612 | 0.4587 | 0.6095
0.5026 | 0.3469 | 0.3931 | 0.6569 | 0.5617 | 0.4474 | 0.6094
0.5015 | 0.3585 | 0.4062 | 0.6599 | 0.5718 | 0.4045 | 0.6078
0.5073 | 0.3798 | 0.3989 | 0.6602 | 0.5620 | 0.4339 | 0.6089
0.3880 | 0.2223 | 0.2696 | 0.5797 | 0.4471 | 0.3328 | 0.4766
0.3970 | 0.2480 | 0.2956 | 0.6141 | 0.4134 | 0.3166 | 0.4943
0.3847 | 0.1993 | 0.2766 | 0.5700 | 0.4349 | 0.3452 | 0.4822
0.3893 | 0.2465 | 0.2387 | 0.5817 | 0.4632 | 0.3545 | 0.4511
0.4217 | 0.2851 | 0.3472 | 0.5893 | 0.4449 | 0.3637 | 0.4999
0.4080 | 0.2368 | 0.3137 | 0.6106 | 0.4571 | 0.3403 | 0.4894
0.3909 | 0.2441 | 0.2584 | 0.6075 | 0.4421 | 0.3044 | 0.4888
0.3775 | 0.1973 | 0.2430 | 0.5807 | 0.4399 | 0.3496 | 0.4543
0.3927 | 0.2269 | 0.3218 | 0.5528 | 0.4273 | 0.3391 | 0.4881
0.4161 | 0.2608 | 0.3714 | 0.5959 | 0.4239 | 0.3504 | 0.4944

[

Cross Entropy|

Dice

Focal

Focal Tversky]|

L2

Log Cosh Dice

Tversky

N B RN =R W= AW =R W =AW =R W =AW= AW

loss demonstrated nearly equivalent performance to cross-entropy loss.

The results of the semantic segmentation task are shown in Table 3.15. In contrast
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Table 3.14 Comparison of the instance segmentation performance of the loss
function on CoNIC dataset

mPQ+ PQ;J_eu PQEpi PQI-i:ym PQI-L_la PQEOS PQéon
L1 0.3279 | 0.0000 | 0.4009 | 0.6414 | 0.3165 | 0.0000 | 0.6084
Dice 0.3257 | 0.0000 | 0.4011 | 0.6406 | 0.3037 | 0.0000 | 0.6086
Log Cosh Dice | 0.3961 | 0.2402 | 0.2856 | 0.5870 | 0.4407 | 0.3426 | 0.4808
Tversky 0.3970 | 0.2332 | 0.3017 | 0.5895 | 0.4381 | 0.3368 | 0.4830
Focal Tversky | 0.3975 | 0.2200 | 0.3734 | 0.5950 | 0.4351 | 0.2981 | 0.4636
L2 0.5053 | 0.3634 | 0.3991 | 0.6598 | 0.5646 | 0.4352 | 0.6096
Focal 0.5074 | 0.3745 | 0.3979 | 0.6597 | 0.5746 | 0.4344 | 0.6035
Cross Entropy | 0.5090 | 0.3776 | 0.3980 | 0.6566 | 0.5679 | 0.4472 | 0.6067

Table 3.15 Comparison of the semantic segmentation performance of the loss
function on CoNIC dataset

Loss Function I Bg Neu Epi Lym Pla Eos Con
L1 0.5371 | 0.9714 | 0.0000 | 0.8407 | 0.7877 | 0.3738 | 0.0000 | 0.7861
Dice 0.5356 | 0.9714 | 0.0000 | 0.8411 | 0.7870 | 0.3630 | 0.0000 | 0.7864
Log Cosh Dice | 0.6504 | 0.9606 | 0.3592 | 0.7925 | 0.7388 | 0.5316 | 0.4924 | 0.6777
8 | Tversky 0.6401 | 0.9618 | 0.3284 | 0.7822 | 0.7232 | 0.5259 | 0.4929 | 0.6661
A | Focal Tversky | 0.6341 | 0.9626 | 0.3305 | 0.7802 | 0.7199 | 0.5271 | 0.4646 | 0.6538
L2 0.7437 | 0.9716 | 0.5218 | 0.8403 | 0.8078 | 0.6585 | 0.6204 | 0.7857
Focal 0.7474 | 0.9712 | 0.5344 | 0.8390 | 0.8090 | 0.6661 | 0.6285 | 0.7834
Cross Entropy | 0.7458 | 0.9711 | 0.5273 | 0.8396 | 0.8055 | 0.6570 | 0.6366 | 0.7832
L1 0.4626 | 0.9444 | 0.0000 | 0.7252 | 0.6499 | 0.2715 | 0.0000 | 0.6475
Dice 0.4611 | 0.9444 | 0.0000 | 0.7258 | 0.6490 | 0.2607 | 0.0000 | 0.6481
Log Cosh Dice | 0.5126 | 0.9242 | 0.2194 | 0.6564 | 0.5860 | 0.3621 | 0.3272 | 0.5127
2 Tversky 0.5024 | 0.9264 | 0.1969 | 0.6428 | 0.5670 | 0.3569 | 0.3271 | 0.4999
= | Focal Tversky | 0.4965 | 0.9278 | 0.1983 | 0.6396 | 0.5628 | 0.3580 | 0.3031 | 0.4862
L2 0.6126 | 0.9448 | 0.3530 | 0.7246 | 0.6776 | 0.4909 | 0.4498 | 0.6471
Focal 0.6160 | 0.9440 | 0.3647 | 0.7227 | 0.6792 | 0.4994 | 0.4584 | 0.6439
Cross Entropy | 0.6150 | 0.9443 | 0.3624 | 0.7236 | 0.6757 | 0.4911 | 0.4634 | 0.6448
L1 0.5349 | 0.9710 | 0.0000 | 0.8293 | 0.7570 | 0.3969 | 0.0000 | 0.7900
Dice 0.5350 | 0.9710 | 0.0000 | 0.8292 | 0.7547 | 0.3999 | 0.0000 | 0.7905
g | Log Cosh Dice | 0.6211 | 0.9751 | 0.3374 | 0.7415 | 0.7234 | 0.5187 | 0.4190 | 0.6324
@ | Tversky 0.6139 | 0.9718 | 0.2666 | 0.7525 | 0.7370 | 0.4762 | 0.4572 | 0.6361
§ Focal Tversky | 0.6567 | 0.9560 | 0.3448 | 0.8068 | 0.7806 | 0.5099 | 0.4948 | 0.7044
L2 0.7546 | 0.9729 | 0.5806 | 0.8294 | 0.7999 | 0.6832 | 0.6267 | 0.7894
Focal 0.7606 | 0.9719 | 0.5965 | 0.8285 | 0.8054 | 0.6941 | 0.6311 | 0.7965
Cross Entropy | 0.7556 | 0.9727 | 0.5872 | 0.8281 | 0.8047 | 0.6797 | 0.6295 | 0.7873
L1 0.5405 | 0.9717 | 0.0000 | 0.8524 | 0.8232 | 0.3541 | 0.0000 | 0.7822
Dice 0.5377 | 0.9718 | 0.0000 | 0.8533 | 0.8240 | 0.3326 | 0.0000 | 0.7825
_ | Log Cosh Dice | 0.6943 | 0.9467 | 0.3918 | 0.8558 | 0.7590 | 0.5665 | 0.6045 | 0.7357
'S | Tversky 0.6860 | 0.9520 | 0.4522 | 0.8224 | 0.7123 | 0.5990 | 0.5521 | 0.7117
& | Focal Tversky | 0.6278 | 0.9692 | 0.3488 | 0.7558 | 0.6744 | 0.5485 | 0.4757 | 0.6220
L2 0.7351 | 0.9703 | 0.4746 | 0.8516 | 0.8159 | 0.6356 | 0.6154 | 0.7821
Focal 0.7366 | 0.9705 | 0.4846 | 0.8499 | 0.8127 | 0.6407 | 0.6270 | 0.7707
Cross Entropy | 0.7393 | 0.9700 | 0.4872 | 0.8516 | 0.8083 | 0.6394 | 0.6379 | 0.7809

to the instance segmentation task, the focal loss function has emerged as the most
successful model in terms of the Dice coefficient, IoU, and precision metrics.

However, the cross-entropy loss has achieved the best performance in the recall
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Figure 3.9 TransUNet architecture
metric.

In both instance and semantic segmentation tasks, the L2, focal, and cross-entropy
loss functions have produced similar results. The lack of significant differences
among these three loss functions makes it challenging to draw definitive
conclusions. However, given that the primary focus of this study is on instance
segmentation, it can be stated that cross-entropy loss has achieved better results.
Additionally, the performance of the other five loss functions has been substantially
lower, suggesting that they may not be suitable for nuclei instance segmentation and

classification tasks.

3.4 TransUNet Architecture

Transformers [82] have gained substantial popularity in current literature,
particularly in the field of natural language processing [83, 84]. Transformer
architectures, originally designed to capture relationships between word sequences
using an attention mechanism, have since adapted for computer vision tasks [85,
86]. Transformer architectures adapt to image inputs by treating image patches as
word embeddings. Vision transformers [87], unlike traditional CNN architectures,

enable selective feature extraction through their attention mechanisms [88].

TransUNet [89] is a specialized architectural adaptation of the vision transformer

for semantic segmentation tasks. Figure 3.9 shows the TransUNet model’s
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architecture, which is very similar to the UNet architecture. TransUNet, like UNet,
uses convolution filters to extract feature vectors, and connections between levels
to combine fine and coarse feature vectors. The TransUNet model’s decoder block
is also based on the same architecture as UNet. However, notable distinctions exist
in the encoder block, including an increased number of consecutive convolution
filters and the incorporation of residual connections. Additionally, instead of max
pooling, convolution filters with a 2 x 2 stride are used for downsampling. The
most distinctive difference is the use of a vision transformer block (ViT) at the final
level, which enhances the model’s capability to handle complex spatial hierarchies
effectively [87].

The input size is reduced by half at each level using a stride of 2 x 2, creating a
32 x 32 V1T input from a 256 x 256 input image. Each downsampled pixel is treated
like a patch to which a ViT block is applied. Let X € R®<%/® be the feature

matrix, representing downsampled input image patches by convolution blocks.

Attention(Q, K, V) = softmax (Q—KT) \Y (3.7)
4 Vv, '

head; = Attention(QW=° KWX VW) for ie{l,...,h} (3.8)
MultiHead(Q, K, V) = [heady, . . ., head,|IW° (3.9)

where Q, K, and V represent the query, key, and value matrices, respectively, and
wo, V[/iQ, VVZ.K , and WiV are learnable parameters. In a vision transformer, Q,
K, and V are derived from the input image patches X. The softmax(.) function
normalizes the dot product of Q and K, scaled by \/di, to maintain numerical
stability. After computing each head, the results are concatenated, and then the
concatenated matrix is multiplied by W, another learnable parameter, to produce

the final output.

The TransUNet model was developed for semantic segmentation and, like UNet,
necessitates the conversion of results into instance segmentation predictions. To
achieve this, the watershed algorithm, as utilized in UNet, has been employed. It
was observed that the adaptive thresholding approach yields higher performance
outcomes. Therefore, it has been adapted to the instance segmentation map,

resulting in the final instance segmentation map.

3.4.1 TransUNet Experimental Setup
The TransUNet was trained using the CoNIC and MoNuSeg datasets. For the

CoNIC dataset, 5-fold cross-validation was conducted to evaluate the model’s
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Table 3.16 TranUNet semantic segmentation results on CoNIC dataset with
adaptive thresholding

Fold 1 Bg Neu Epi Lym Pla Eos Con

0.7179 | 0.9697 | 0.4690 | 0.8291 | 0.7950 | 0.6233 | 0.5795 | 0.7595
0.7144 | 0.9679 | 0.4620 | 0.8286 | 0.7887 | 0.6143 | 0.5920 | 0.7474
0.7112 | 0.9695 | 0.4443 | 0.8282 | 0.7931 | 0.6131 | 0.5835 | 0.7465
0.7090 | 0.9692 | 0.4263 | 0.8240 | 0.7862 | 0.6264 | 0.5820 | 0.7489
0.7161 | 0.9697 | 0.4642 | 0.8302 | 0.7956 | 0.6156 | 0.5868 | 0.7505
i 0.7137 | 0.9692 | 0.4532 | 0.8280 | 0.7917 | 0.6185 | 0.5847 | 0.7505
0.5841 | 0.9411 | 0.3064 | 0.7081 | 0.6598 | 0.4528 | 0.4079 | 0.6123
0.5796 | 0.9378 | 0.3004 | 0.7073 | 0.6511 | 0.4433 | 0.4204 | 0.5967
0.5771 | 0.9408 | 0.2856 | 0.7067 | 0.6571 | 0.4421 | 0.4119 | 0.5955
0.5749 | 0.9403 | 0.2709 | 0.7007 | 0.6477 | 0.4560 | 0.4104 | 0.5985
0.5820 | 0.9412 | 0.3023 | 0.7097 | 0.6605 | 0.4446 | 0.4152 | 0.6006
i 0.5795 | 0.9402 | 0.2931 | 0.7065 | 0.6553 | 0.4478 | 0.4132 | 0.6007
0.6808 | 0.9718 | 0.3839 | 0.8357 | 0.7936 | 0.5498 | 0.5107 | 0.7201
0.6760 | 0.9706 | 0.3632 | 0.8343 | 0.7687 | 0.5414 | 0.5485 | 0.7052
0.6754 | 0.9728 | 0.3716 | 0.8339 | 0.7858 | 0.5386 | 0.5364 | 0.6887
0.6737 | 0.9722 | 0.3223 | 0.8263 | 0.7916 | 0.5646 | 0.5380 | 0.7007
0.6760 | 0.9726 | 0.3616 | 0.8316 | 0.7813 | 0.5510 | 0.5167 | 0.7171
] 0.6764 | 0.9720 | 0.3605 | 0.8324 | 0.7842 | 0.5491 | 0.5300 | 0.7064
0.7688 | 0.9675 | 0.6025 | 0.8226 | 0.7965 | 0.7195 | 0.6697 | 0.8034
0.7686 | 0.9652 | 0.6346 | 0.8229 | 0.8098 | 0.7098 | 0.6429 | 0.7950
0.7582 | 0.9662 | 0.5524 | 0.8225 | 0.8005 | 0.7115 | 0.6397 | 0.8148
0.7628 | 0.9663 | 0.6296 | 0.8218 | 0.7808 | 0.7033 | 0.6337 | 0.8041
0.7739 | 0.9668 | 0.6481 | 0.8288 | 0.8103 | 0.6973 | 0.6789 | 0.7872
L 0.7665 | 0.9664 | 0.6134 | 0.8237 | 0.7996 | 0.7083 | 0.6530 | 0.8009

Dice

N B W N -

IoU

N A W NI -

Recall

N B W N -

(7] "NET I S IR

Precision

performance. Additionally, the model trained on the MoNuSeg dataset was further
cross-tested using the CPM17 and CoNSeP datasets. As is common in the literature,

we used the MoNuSeg test dataset as a validation dataset.

The Cyclic learning rate scheduler was employed, with a maximum learning rate set
at 0.001. The AdamW optimizer was utilized, and the batch size was determined to
be 16. Cross entropy was used as loss function. The model was trained using input
sizes of 256 x 256 patches without any resizing, although testing was conducted on

Rol. In total, the training involved 40,000 steps.

3.4.2 TransUNet Results
Table 3.16 presents the performance of the TransUNet model on the CoNIC dataset

for semantic segmentation tasks. Across all metrics, the highest results were
achieved for the epithelial class, with a dice of 0.8280, an IoU of 0.7065, a recall of
0.8324, and a precision of 0.8237. Conversely, the lowest results were observed
for the neutrophil class, with a dice of 0.4532, an IoU of 0.2931, a recall of
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Table 3.17 TransUNet instance segmentation results on CoNIC dataset with
adaptive thresholding

Fold mPQJr PQIJ\Ireu PQ]JErpi PQInym l)(21J3r1a PQIJEros PQéron
1 0.4669 | 0.2978 | 0.3958 | 0.6320 | 0.5195 | 0.3916 | 0.5645

2 0.4644 | 0.3048 | 0.3693 | 0.6454 | 0.5104 | 0.3935 | 0.5629

3 0.4535 | 0.2606 | 0.3774 | 0.6315 | 0.5156 | 0.3809 | 0.5551

4 0.4604 | 0.2742 | 0.3980 | 0.6370 | 0.5250 | 0.3669 | 0.5611

5

)

0.4673 | 0.3083 | 0.3931 | 0.6370 | 0.5189 | 0.3811 | 0.5654
0.4625 | 0.2891 | 0.3867 | 0.6366 | 0.5179 | 0.3828 | 0.5618

Ground Truth

Prediction

mPQ*: 0.6240 mPQ*: 0.5384 mPQ*: 0.4052 mPQ*: 0.2782

Figure 3.10 TransUNet instance prediction on CoNIC patches

0.3605, and a precision of 0.6134. Considering that the epithelial class had the
most instances and the neutrophil class had one of the fewest, it is obvious that

semantic segmentation success correlates with the distribution of class instances.

Instance segmentation results on the CoNIC dataset using 5-fold cross-validation
are presented in Table 3.17. It is noteworthy that the mPQ™ values are closely
matched across different folds. The highest class-based PQ™ value of 0.6366 was
observed in the lymphocyte class, while the lowest was 0.2891 for the neutrophil
class. Considering that the epithelial class had the highest number of examples
and the eosinophil class had the fewest, it is not possible to directly correlate
performance with the number of class examples. However, upon examining the
model instance predictions given in Figure 3.10, the morphological differences
between the classes are striking. Given this observation, it can be concluded that one
of the primary factors influencing the model’s instance segmentation performance

is its ability to distinguish between two closely spaced nuclei.

With a mPQ™ value of 0.4625, the TransUNet has exhibited approximately 4%
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Figure 3.11 TransUNet semantic segmentation on CoNIC patches

Table 3.18 Instance segmentation results TransUNet trained on MoNuSeg with
adaptive thresholding

Test Dataset | PQ™ | PQ SQ DQ AJIT | AJI

MoNuSeg 0.5437 | 0.5381 | 0.7599 | 0.7071 | 0.5507 | 0.5143
CPM17 0.5358 | 0.5244 | 0.7704 | 0.6756 | 0.5605 | 0.5232
CoNSeP 0.2327 | 0.2282 | 0.7332 | 0.3098 | 0.2609 | 0.1900

lower performance than the UNet model. Similarly, its performance in semantic
segmentation 1s lower to that of UNet. As illustrated in Figure 3.11, the TransUNet
model exhibits considerable uncertainty. It is evident that a single nucleus contain
pixels classified into two different categories. Furthermore, despite the use of
an adaptive thresholding approach, a few pixel-sized nuclei are predicted on the

background.

The trainings conducted with the MoNuSeg dataset were intended to assess
both the nuclei instance segmentation performance and the model’s cross-domain
performance. The nuclei instance segmentation success of the TransUNet model
is provided in Table 3.18. For in-domain testing on the MoNuSeg dataset, a PQ™

performance of 0.5381 was achieved. In out-domain tests, a closely similar result of
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Table 3.19 Semantic segmentation results TransUNet trained on MoNuSeg with
adaptive thresholding

Test Dataset 0 Background | Nuclei
MoNuSeg | 0.8655 0.9406 0.7904
Dice CPM17 0.8714 0.9529 0.7899
CoNSeP | 0.7852 0.9251 0.6453
MoNuSeg | 0.7707 0.8879 0.6534
IoU CPM17 0.7814 0.9100 0.6527
CoNSeP | 0.6685 0.8606 0.4763
MoNuSeg | 0.8702 0.9360 0.8044
Recall CPM17 0.8496 0.9715 0.7278
CoNSeP | 0.7620 0.9500 0.5741
MoNuSeg | 0.8611 0.9453 0.7768
Precision CPM17 0.8993 0.9350 0.8635
CoNSeP | 0.8191 0.9015 0.7367

0.5437 PQ™ was obtained on the CPM 17 dataset. However, on the CoNSeP dataset,
which contains only colon tissue samples from a single scanner, a significantly

lower PQ™ performance of 0.2327 was observed.

The semantic segmentation results of the TransUNet model trained with the
MoNuSeg dataset are provided in Table 3.19. The CoNSeP dataset semantic
segmentation result shows relatively low performance across all metrics, which
is consistent with the instance segmentation results. The model exhibits a recall
performance of 0.5741, indicating that it predominantly predicts background.
Additionally, a detection quality (DQ)) of 0.3098 supports this observation.

The similarity of segmentation quality (S¢) and precision values across domains
suggests that, while the TransUNet model accurately segments the nuclei it

identifies, it only does so for a limited number of instances.

3.5 Swin-Unet Architecture

The Swin Transformer [90] is a pioneering architecture designed specifically for
computer vision tasks. It employs a window-based self-attention methodology that
not only reduces complexity but also enhances performance. This approach has
made the Swin Transformer a popular backbone for a variety of applications, from
object detection [91] to object tracking [92].

The Swin-Unet [93] model fundamentally builds upon the UNet architecture to
enhance semantic segmentation capabilities. It was specifically developed for

multi-organ tissue segmentation in CT images, where it has demonstrated superior
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Figure 3.12 Swin-Unet architecture

performance compared to many well-established models in the literature. In the
Swin-Unet model, traditional convolution blocks are replaced with Swin blocks, as

proposed in the Swin Transformer architecture [90].

Let us define SwinBlock(.) as the function representing a single block of the Swin
Transformer model, where W-MSA(.) and SW-MSA(.) denote the window-based
multi-head self-attention and shifted window-based multi-head self-attention,
respectively, and z_, € R¥"*% is the input feature map to layer /. The process of

obtaining a output feature vector z;,; for a given input vector z;_; is formalized as

follows:
2141 = SwinBlock(z_1) (3.10)
Z = W-MSA(LN(z;_1)) + 211 (3.11)
Z] = MLP(LN(%Z)) + 7:’1 (312)
Zi41 = SW-MSA(LN(z)) + z (3.13)
Zl+1 = MLP(LN(ZA’H_l)) + 2l+1 (314)

where LN(.) denotes the layer normalization, MLP(.) represents a multi-layer

perceptron, and z;, ;,7;11, 2;+1 are intermediate features within the block.

The detailed architecture of the Swin-Unet model, which closely mirrors the UNet,
is illustrated in Figure 3.12. Instead of the 16 x 16 patches typically used in vision

transformer models [87], 4 x 4 convolution filters are applied to the input image
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to create smaller patches. This finer patch size allows for more precise results in
tasks such as semantic segmentation. Instead of using max pooling to reduce the
input dimension, the model shifts spatial vectors into the channel dimension. For

the upsampling process, it employs MLPs to increase the size of the feature vectors.

3.5.1 Swin-Unet Experintal Setup

In order to ensure comparability, the experimental setup employed for Swin-Unet
was adjusted to match that of TransUNet. Therefore, Swin-Unet was trained using
the CoNIC and MoNuSeg datasets. We conducted 5-fold cross-validation for the
CoNIC dataset. We further cross-tested the model, trained on the MoNuSeg dataset,
using the CPM17 and CoNSeP datasets.

We used cross-entropy as a loss function. We utilized the AdamW optimizer
and determined the batch size to be 16. We employed the Cyclic Learning Rate
Scheduler, setting the maximum learning rate at 0.001. We trained the model using
input sizes of 256 x 256 patches without any resizing. Testing was conducted on

Rol. In total, the training involved 40,000 steps.

3.5.2 Swin-Unet Results

Table 3.20 displays the 5-fold cross-validation semantic segmentation results of the
Swin-Unet model on the CoNIC dataset. For the background class, the model
shows excellent semantic segmentation performance with a recall of 0.9690 and
precision of 0.9603. However, performance suffers significantly when examining
nuclei, particularly in the neutrophil class, which has extremely low recall and IoU
values of 0.2402 and 0.2077, respectively. As shown in Figure 3.13, the Swin-Unet
model effectively distinguishes between nuclei and background, but it struggles
to accurately classify within the nuclei classes. Inevitably, inadequate semantic

segmentation leads to issues related to instance segmentation.

Table 3.21 presents the 5-fold cross-validation instance segmentation results of the
Swin-Unet model on the CoNIC dataset. Significant variability of 5% is indicated
by the range of values between the lowest and greatest mPQ™", which are 0.3672
and 0.4175, respectively. This level of fluctuation is significantly greater than
that seen in the UNet and TransUNet models, where variability is approximately
0.5% and 1% respectively. Such findings highlight the Swin-Unet model’s relative
instability in nuclei classification, especially evident in the neutrophil class, which
exhibits a 9% difference between folds 1 and 2.
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Table 3.20 Swin-Unet semantic segmentation results on CoNIC fataset with
adaptive thresholding

Fold

1

Bg

Neu

Epi

Lym

Pla

Eos

Con

0.6837

0.9664

0.4436

0.8142

0.7643

0.5428

0.5362

0.7182

0.6494

0.9633

0.3099

0.8082

0.7497

0.5159

0.5105

0.6880

0.6609

0.9659

0.2980

0.8117

0.7570

0.5424

0.5423

0.7088

Dice

0.6382

0.9626

0.3246

0.7955

0.7200

0.5141

0.4850

0.6659

N B W N -

0.6555

0.9649

0.3353

0.8116

0.7505

0.5228

0.5132

0.6901

1%

0.6575

0.9646

0.3423

0.8082

0.7483

0.5276

0.5174

0.6942

0.5463

0.9349

0.2850

0.6866

0.6185

0.3725

0.3663

0.5603

0.5150

0.9292

0.1834

0.6781

0.5997

0.3476

0.3428

0.5243

IoU

0.5278

0.9340

0.1751

0.6831

0.6091

0.3721

0.3720

0.5489

0.5014

0.9279

0.1937

0.6604

0.5625

0.3460

0.3201

0.4991

N A W NI -

0.5204

0.9322

0.2014

0.6830

0.6006

0.3539

0.3452

0.5269

0.5222

0.9316

0.2077

0.6783

0.5981

0.3584

0.3493

0.5319

0.6405

0.9697

0.3566

0.8159

0.7657

0.4525

0.4451

0.6776

0.5956

0.9679

0.2068

0.8132

0.7329

0.4187

0.4053

0.6247

0.6150

0.9695

0.1983

0.8197

0.7457

0.4530

0.4641

0.6548

Recall

0.5840

0.9685

0.2171

0.8007

0.6858

0.4353

0.3883

0.5925

N B W N -

0.6025

0.9692

0.2222

0.8203

0.7234

0.4384

0.4128

0.6308

0.6075

0.9690

0.2402

0.8140

0.7307

0.4396

0.4231

0.6361

0.7487

0.9631

0.5868

0.8125

0.7628

0.6780

0.6739

0.7639

0.7535

0.9587

0.6186

0.8032

0.7674

0.6718

0.6895

0.7655

0.7477

0.9623

0.5990

0.8039

0.7687

0.6756

0.6522

0.7726

0.7401

0.9568

0.6423

0.7903

0.7578

0.6276

0.6456

0.7600

(7] "NET I S IR

Precision

0.7590

0.9607

0.6825

0.8032

0.7796

0.6474

0.6781

0.7618

L

0.7498

0.9603

0.6258

0.8026

0.7673

0.6601

0.6679

0.7647

Table 3.21 Swin-UNet instance segmentation results on CoNIC dataset with
adaptive thresholding

Fold

mPQ

PQ;QU

PQEpi

P(zl—i_ym

PQy,

PQEOS

PQéon

0.4175

0.2720

0.3535

0.5866

0.4374

0.3465

0.5091

0.3797

0.1828

0.3177

0.5878

0.4057

0.3094

0.4746

0.3947

0.1723

0.3400

0.5827

0.4393

0.3358

0.4980

0.3672

0.2076

0.3171

0.5543

0.4017

0.2841

0.4381

0.3881

0.2135

0.3305

0.5782

0.4191

0.3132

0.4739

TR RN

0.3894

0.2096

0.3318

0.5779

0.4206

0.3178

0.4787

Figure 3.14 presents the instance segmentation results of the SwinUNet model

on CoNIC dataset. One important issue affecting the model’s performance is the

inability to effectively identify the boundaries of nuclei in semantic segmentation.

This error causes nuclei to join together, complicating the separation process. As

objects with an IoU value above the 0.5 threshold are considered true positives, the

presence of two or more merged nuclei enlarges the union area, thus reducing the

IoU below 0.5. Consequently, these predictions are inevitably classified as false.
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Figure 3.13 Swin-Unet semantic segmentation prediction on CoNIC patches
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Figure 3.14 Swin UNet instance segmentation prediction on CoNIC patches

The semantic segmentation results of the Swin-UNet model, which is trained on
the MoNuSeg dataset and tested in both in-domain and out-domain scenarios,
are presented in Table 3.22. Notably, the model achieves higher Dice, IoU, and
precision metrics on the CPM17 dataset compared to MoNuSeg. This performance,
with a recall of 0.7013 for nuclei and 0.9871 for background on CPM17, shows that
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Table 3.22 Semantic segmentation results Swin UNet trained on MoNuSeg with
adaptive thresholding

Test Dataset 0 Background | Nuclei
MoNuSeg | 0.8754 0.9468 0.8040
Dice CPM17 0.8788 0.9577 0.7999
CoNSeP | 0.8342 0.9370 0.7314
MoNuSeg | 0.7856 0.8989 0.6723
IoU CPM17 0.7927 0.9189 0.6665
CoNSeP | 0.7290 0.8814 0.5766
MoNuSeg | 0.8714 0.9507 0.7920
Recall CPM17 0.8442 0.9871 0.7013
CoNSeP | 0.8266 0.9438 0.7094
MoNuSeg | 0.8796 0.9429 0.8164
Precision CPM17 0.9304 0.9301 0.9308
CoNSeP | 0.8425 0.9302 0.7548

Table 3.23 Instance segmentation results Swin UNet trained on MoNuSeg with
adaptive thresholding

Test Dataset | PQ™ | PQ SQ DQ AJIT | AJI

MoNuSeg 0.5259 | 0.5262 | 0.7487 | 0.7020 | 0.5473 | 0.5139
CPM17 0.5335 | 0.5340 | 0.7568 | 0.7009 | 0.5750 | 0.5603
CoNSeP 0.2214 | 0.2206 | 0.7135 | 0.3091 | 0.2342 | 0.1435

the model tends to make background predictions when used in different domains,
which correlates to the pixel distribution of nuclei to background in CPM17. In
contrast, performance on the CoNSeP dataset remains low, similar to results from
the UNet and TransUNet models.

The Swin-Unet model, which was trained on the MoNuSeg dataset, presents the
instance segmentation results in Table 3.23. Consistent with previous observations,
the model shows higher performance on the CPM17 dataset. Despite this, it exhibits
notably poor D() performance, particularly in out-domain CoNSeP dataset tests.
The model underperforms on the CoNSeP datasets like the UNet and TransUnet,
achieving a mere PQ" of 0.2214. This significantly low score on the CoNSeP
dataset highlights the limitations of the fully transformer-based Swin-Unet model

in adapting to various domains, indicating challenges with domain generalization.

3.6 Comparison of the UNet Architectures

In this section, we compare the performance of UNet, TransUnet, and Swin-Unet
models across the CoNIC, MoNuSeg, CPM17, and CoNSeP datasets. The models’

performance on the CoNIC dataset has been assessed using the PQ™ metric, as
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Table 3.24 Comparison of the model’s instance segmentation performance on

CoNIC dataset

Methodology mPQ | PQy., PQEFpi Pnym PQp. | PQi. | PQCn
Swin UNet 0.2917 | 0.1175 | 0.2981 | 0.4763 | 0.3126 | 0.1733 | 0.3723
Swin UNet + AT | 0.3894 | 0.2096 | 0.3318 | 0.5779 | 0.4206 | 0.3178 | 0.4787
Trans UNet 0.3910 | 0.2061 | 0.3680 | 0.5724 | 0.4284 | 0.2811 | 0.4903
Unet 0.4496 | 0.2917 | 0.3860 | 0.6134 | 0.4983 | 0.3551 | 0.5531
Trans UNet + AT | 0.4625 | 0.2891 | 0.3867 | 0.6366 | 0.5179 | 0.3828 | 0.5618
UNet + AT 0.5090 | 0.3776 | 0.3980 | 0.6566 | 0.5680 | 0.4472 | 0.6067

Table 3.25 Comparison of the model’s instance segmentation performance on

MoNuSeg dataset

Methodology PQ" | PQ SQ DQ AJIT | AJI

Swin UNet 0.4623 | 0.4602 | 0.7487 | 0.6134 | 0.5462 | 0.5136
Trans UNet 0.4964 | 0.4916 | 0.7599 | 0.6455 | 0.5496 | 0.5137
Swin UNet + AT | 0.5259 | 0.5262 | 0.7487 | 0.7020 | 0.5473 | 0.5139
Unet 0.5414 | 0.5392 | 0.7631 | 0.7056 | 0.5819 | 0.5530
Trans UNet + AT | 0.5437 | 0.5381 | 0.7599 | 0.7071 | 0.5507 | 0.5143
UNet + AT 0.5700 | 0.5701 | 0.7631 | 0.7464 | 0.5824 | 0.5532

suggested in [64]. Furthermore, we present the outcomes with and without the
implementation of the adaptive thresholding methodology, as proposed in Section

3.2, and provide a detailed analysis of its impact on the model outputs.

Table 3.24 lists the class-specific PQ* performance of models trained on the CoNIC
dataset, ordered by their mPQ™ values. Notably, The UNet model with adaptive
thresholding outperforms its nearest rival by 4% in mPQ™ and achieves highest
scores across all classes. Moreover, the adaptive thresholding methodology has
enhanced performance by 5-9% for each model. It can be concluded that the
classical UNet model, especially with adaptive thresholding, is the most successful

in the nuclei classification task.

Table 3.25 compares model performances on the MoNuSeg dataset using metrics
such as AJI, AJI', DQ, SQ, and PQ". The models are ranked by their PQ™
scores, which are consistent with the rankings obtained on the CoNIC dataset.
The UNet model achieved the highest success with a PQ™ of 0.5700, while the
SwinUNet model exhibited the lowest, with a PQ™ of 0.4623.

The S@ metric, calculated for true positive predictions, shows remarkably
consistent performance across all models, indicating that when models correctly
predict instances, they consistently predict edges well. Additionally, the S values
remain unchanged whether adaptive thresholding is applied or not. This consistency
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Table 3.26 Comparison of the model’s instance segmentation performance on
CMP17 dataset

Methodology PQ" | PQ SQ DQ AJIT | AJI

Swin UNet 0.4495 | 0.4544 | 0.7563 | 0.5960 | 0.5747 | 0.5604
Trans UNet 0.4759 | 0.4673 | 0.7702 | 0.6013 | 0.5596 | 0.5227
Unet 0.5301 | 0.5282 | 0.7765 | 0.6758 | 0.5899 | 0.5782

Swin UNet + AT | 0.5335 | 0.5340 | 0.7568 | 0.7009 | 0.5750 | 0.5603
Trans UNet + AT | 0.5358 | 0.5244 | 0.7704 | 0.6756 | 0.5605 | 0.5232
UNet + AT 0.5602 | 0.5567 | 0.7765 | 0.7126 | 0.5896 | 0.5777

Table 3.27 Comparison of the model’s instance segmentation performance on
CoNSeP dataset

Methodology PQ" | PQ SQ DQ AJIT | AJI

Swin UNet 0.1677 | 0.1626 | 0.7130 | 0.2270 | 0.2347 | 0.1445
Trans UNet 0.1972 | 0.1926 | 0.7327 | 0.2612 | 0.2618 | 0.1916
Swin UNet + AT | 0.2214 | 0.2206 | 0.7135 | 0.3091 | 0.2342 | 0.1435
Trans UNet + AT | 0.2327 | 0.2282 | 0.7332 | 0.3098 | 0.2609 | 0.1900
Unet 0.2608 | 0.2497 | 0.7448 | 0.3334 | 0.2978 | 0.2120
UNet + AT 0.2820 | 0.2721 | 0.7449 | 0.3637 | 0.2972 | 0.2111

confirms that the adaptive thresholding methodology does not eliminate any true

positives but enhances the D() performance by reducing false positives.

Table 3.26 presents the results obtained on the CPM17 dataset, where the UNet
model with adaptive thresholding achieved the highest performance with a PQ™ of
0.5602. However, for the AJI, and AJI" metrics, the UNet model without adaptive
thresholding emerges as the most effective. In the P() metric, only predictions
with an IoU of 0.5 or higher against the ground truth are counted as true positives.
Conversely, for AJI, and AJI", any non-zero intersection contributes to the metric.
The fact that the UNet without adaptive thresholding scores highest on these metrics

indicates that it retains predictions with even minimal overlap with the ground truth.

Table 3.27 displays the results of models trained on the MoNuSeg dataset and
evaluated on the CoNSeP dataset. The UNet model with adaptive thresholding
achieved the highest performance, with a PQ' of 0.2820. Although the
thresholding strategy eliminated some true positives, it significantly improved the
D@ performance and led to the model’s optimal P() score. Similarly, as observed
with the CPM17 dataset, the UNet without the adaptive thresholding model also
scored highest in the AJI, and AJI" metrics on the CoNSeP dataset.

The requirement for substantial data to effectively capture spatial features is a
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well-known limitation of transformer architectures [94-96]. This constraint is
especially problematic in nuclei instance segmentation, where dataset availability
is limited. Therefore, transformer models might not be the most suitable choice for
this specific task. Furthermore, all models’ performance on the out-domain CoNSeP
dataset is significantly below acceptable levels. Therefore, obtaining definitive

conclusions about the generalization capabilities of these models is hard.
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4

GENERAL-PURPOSE MODELS ADAPTED FOR
NUCLEI INSTANCE SEGMENTATION

General-purpose instance segmentation models are specialized versions of
general-purpose object detection methods [97]. Initially, these models generate
a bounding box prediction to define the boundaries of the detected object. The
widely accepted architectures in the literature consist of three main components:
the backbone for feature extraction, the neck for combining features, and the head
for producing predictions. The backbone is designed to extract feature vectors, the
neck combines coarse and fine feature vectors to enhance feature representation,

and the head component is responsible for producing the final predictions.

Mask R-CNN [98] is one of the most well-established and well-known instance
segmentation models, with applications across various fields [99-101]. It extends
the Faster R-CNN [102], a two-stage object detection model, to enable instance
segmentation. In contrast, the YOLOV7 instance segmentation model [103] is
derived from one of the latest object detection models, YOLOv7, which is a
one-stage detection model. The architectural differences between the one-stage and
two-stage models not only affect their prediction performance but also influence

their inference speeds [104].

In this chapter, we assess the nuclei instance segmentation performance of
general-purpose models such as Mask R-CNN and YOLOv7. Although these
models were not specifically designed for medical datasets, we analyzed their
performance on medical images. The analysis aims to identify each model’s

strengths and weaknesses in handling specialized medical imaging tasks.

4.1 Mask R-CNN

Mask R-CNN is one of the most popular instance segmentation models in the

literature, with applications across various fields. It builds on the Faster R-CNN
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Figure 4.1 Mask R-CNN architecture

architecture [105] by including a mask head that generates masks for predicted
bounding boxes. With the addition of an extra head to its two-stage object detection
framework, Mask R-CNN is slower than many of the instance segmentation models
in the literature [104].

Mask R-CNN architecture is illustrated in Figure 4.1. The backbone architecture
of Mask R-CNN is noticeably similar to that of UNet. The process begins with
the stem block, which applies sequential convolution filters to the input image.
Subsequently, it utilizes ResNet blocks to generate outputs at four different levels,
with each output half the size of the previous one, similar to the down scaling in
UNet. The final output is further processed using the max pooling layer to serve
only as input for the region proposal network, while outputs from the other levels

are sent to three different heads.

These proposals are then filtered based on IoU and confidence scores before
proceeding to the next stage. The Region Proposal Network (RPN) in Mask R-CNN
is used to generate proposed bounding boxes. Its primary function is to identify the

presence of objects within a specific area. To detect objects of different sizes, the
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Figure 4.2 Mask R-CNN model prediction

RPN applies convolution filters to feature vectors obtained at each level, producing

proposed bounding boxes and confidence scores.

In the second stage, the Region of Interest (Rol) head takes the proposed bounding
boxes and feature vectors extracted from each level of the backbone and applies
a pooling operation. This pooling operation transforms the feature vectors, which
are then fed into a series of multi-layer perceptrons (MLP). These MLPs refine
the proposed bounding boxes to generate more precise final bounding boxes. This
detailed and precise refinement process, especially pooling, is a significant factor in

the model’s slower inference speed.

After the bounding boxes are predicted, the final step is to create masks for the
detected objects. This is accomplished by feeding predicted bounding boxes and
feature vectors from each level of the backbone into the mask head. In the mask
head, following the ROI Align operation, a series of convolution filters are applied

to produce binary object masks.

The Mask R-CNN model, designed for general use, does not specifically address
the issue of occlusions between objects, so it does not enforce separation between
overlapping object masks. However, in histopathology images, occlusion is
typically absent. This is a post-processing issue because the masks produced
by Mask R-CNN may overlap, which does not occur in histopathology images.
Therefore, an instance segmentation map has been derived based on the highest

confidence scores.
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Table 4.1 Instance segmentation results of Mask R-CNN

Test Dataset | PQT | PQ | SQ | DQ |AJIT |AJI

MoNuSeg | 0.4882 | 0.4936 | 0.7333 | 0.6727 | 0.4344 | 0.4304
CPM17 0.5235 | 0.5104 | 0.7145 | 0.7080 | 0.5015 | 0.4919
CoNSeP 0.2635 | 0.2764 | 0.7498 | 0.3682 | 0.2478 | 0.2431

Table 4.2 Semantic segmentation results of Mask R-CNN

Test Dataset 7 Background | Nuclei
MoNuSeg | 0.7648 0.9238 0.6058
Dice CPM17 0.8122 0.9399 0.6846
CoNSeP 0.6664 0.9147 0.4181
MoNuSeg | 0.6465 0.8584 0.4346
IoU CPM17 0.7035 0.8865 0.5205
CoNSeP 0.5536 0.8429 0.2643
MoNuSeg | 0.7206 0.9884 0.4528
Recall CPM17 0.7683 0.9852 0.5514
CoNSeP 0.6325 0.9923 0.2727
MoNuSeg | 0.8912 0.8671 0.9152
Precision CPM17 0.9005 0.8985 0.9026
CoNSeP 0.8724 0.8484 0.8964

4.1.1 Mask R-CNN Experimental Setup

The Mask R-CNN model was trained on the MoNuSeg dataset and tested on the
MoNuSeg, CPM17, and CoNSeP datasets. A ResNet-50 backbone [106], initialized
with ImageNet [107] weights, was employed due to its widespread popularity and
proven effectiveness. The training adhered closely to the standard Mask R-CNN
parameters, using a specific optimizer and learning rate for a predefined number
of steps. The model’s input size was set at 1000x1000 pixels, and the testing was
conducted on Rol. No scale augmentation was performed during training, and test

time augmentation was not included during inference.

4.1.2 Mask R-CNN Results

Table 4.1 presents the semantic segmentation results for the Mask R-CNN model
trained on the MoNuSeg dataset. The model’s performance on nuclei is particularly
weak. Although the recall metric shows very high scores for the background
class, it is markedly low for nuclei. Despite this, the model demonstrates high
precision, indicating that while its detection capabilities are limited, it performs

well in segmenting the nuclei instances it does detect.

Table 4.2 provides the instance segmentation results for the Mask R-CNN model
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trained on the MoNuSeg dataset. Consistent with the semantic segmentation
findings, the instance segmentation performance is also relatively low. However,
the model has achieved approximately 4% better results on the CPM17 dataset
compared to the MoNuSeg dataset. Model predictions are illustrated in Figure 4.2.
From these visual representations and the performance metrics, it becomes clear
that while the model’s detection capabilities are somewhat limited, its segmentation

accuracy is notably higher.

4.2 YOLOV7 Instance Segmentation

YOLO architectures are known for their high efficiency and robust performance in
object localization [108]. Unlike the slower two-stage object detection architectures
like Faster R-CNN, YOLO successfully predicts the position and class of target
objects in one stage without involving any pooling operations. The typical YOLO
object detection architecture consists of three main components: the backbone,
which extracts feature vectors; the neck, which manages transitions between
different levels in a similar way that the UNet architecture does; and the head, which

generates predictions.

One of the key methodological enhancements that have significantly improved the
performance of YOLO architectures involves the effectively use of anchor boxes
[109]. These predefined bounding boxes serve as references for predicting the
extent to which the centers of detected objects align with expected dimensions and
positions. The anchor boxes are optimized during the training process through an
auto-anchor algorithm, which aims to achieve the maximum possible recall [109].
Once established, these boxes are used as constant parameters in the model to ensure

consistency during the training and testing phases.

In recent studies, the YOLOvV7 model stands out as one of the most commonly
used object detection models within the YOLO family. It has demonstrated its
effectiveness across various domains. For instance, one study employs it to address
a specific problem in detection of gastric lesions [110], while another applies it
to solve issues in underwater target detection[111]. These examples demonstrate
the broad applicability of the YOLOvV7 architecture. In this study, we extend its
utility by applying the YOLOvV7 instance segmentation model to nuclei instance

segmentation tasks.

The detailed architecture of the YOLOV7 instance segmentation model is presented
in Figure 4.3, consisting of three main components: the backbone, neck, and head.

The backbone, designed for extracting feature vectors, includes Convolution Blocks
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Figure 4.3 YOLOV7 instance segmentation model architecture

(Conv Block), Efficient Layer Aggregation Networks (ELAN) blocks [112], and
Max Pooling & Convolution Blocks (MaxPool & Conv Block). The Convolution
Block includes a 3 x 3 convolution filter, batch normalization layer, and SiLU
(sigmoid linear unit) activation function. The MaxPool & Conv Block is responsible
for reducing the input size by half, achieving this not only through max pooling but
also by applying 2 x 2 stride convolution filters and concatenating the two resultant

feature vectors. While max pooling enhances the model’s robustness to minor
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variations, it can negatively impact gradient flow by only transmitting the maximum
values to the next layer [113, 114]. The combination of convolution blocks and max
pooling processes effectively halves the input dimensions and preserves gradient

flow, enhancing the model’s overall robustness [112].

The Efficient Layer Aggregation Network (ELAN) block is a pivotal feature in
the YOLOV7 architecture, developed with a focus on optimizing gradient flow
[112]. The ELAN block differs from the ResNet model’s approach of simple
addition between the input and output vectors. It applies a 1x1 convolution on
the input, which is essential for effectively managing gradient transitions, and then
a concatenation method similar to DenseNet [115] to merge feature vectors. This
configuration not only ensures efficient training, but it also improves the model’s

ability to extract detailed feature vectors, unlike traditional residual connections.

The neck architecture in YOLOvV7, similar to UNet, combines coarse and fine
feature vectors. It processes feature vectors extracted from three levels of the
backbone using convolution blocks and efficient layer aggregation network (ELAN)
blocks to produce outputs at various scales, specifically 1/8, 1/16, and 1/32 of the
original input size. These outputs are then fed into the detection block, where each
feature vector is added to a learnable parameter vector (ImpA). A convolution filter
is applied next, and the output is multiplied by another learnable parameter vector

(ImpM) to generate the final detection boxes.

For object mask generation in YOLOvV7, feature vectors from the highest level
of the neck are processed through additional convolution blocks and upsampling
steps. These enhanced feature vectors are then multiplied with outputs from the
detection block to create masks. The predicted bounding boxes constrain these

masks, finalizing the instance segmentation output.

4.2.1 YOLOvV7 Experimental Setup

The YOLOvV7 model was trained for the instance segmentation task using the
MoNuSeg dataset. Training involved 300 epochs with 256x256 patches, utilizing
the SGD optimizer. The initial learning rate was set at 0.01, and no learning rate
scheduler was employed. To avoid reducing performance, scale augmentation was
not applied. However, flip up-down and left-right augmentations were set at a 50%
probability. The batch size was established at 16, and a gradient accumulation
parameter of 4 was utilized. No pretrained models were used during the training

phase.
Cross-testing was conducted on the CPM 17 and CoNSeP datasets to provide a more
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Figure 4.4 YOLOvV7 model prediction

Table 4.3 Instance segmentation results of YOLOv7

Test Dataset | PQ™ | PQ SQ DQ AJIT | AJI

MoNuSeg 0.5698 | 0.5548 | 0.7522 | 0.7363 | 0.5284 | 0.5190
CPM17 0.4762 | 0.4580 | 0.7389 | 0.6178 | 0.4167 | 0.4110
CoNSeP 0.1992 | 0.1860 | 0.7270 | 0.2561 | 0.1655 | 0.1639

accurate assessment of the YOLOvV7 model’s performance. Although the model was
initially trained on image patches, the testing phase was conducted on Rol. Patches
of size 256x256 were extracted from these Rol and used as inputs in the model. The

segmented results were then compiled to produce comprehensive Rol predictions.

The YOLOV7 instance segmentation model inherently allows a pixel to be assigned
to multiple instance masks. However, this approach is not suitable for nuclei
instance segmentation tasks. To enhance performance and ensure more accurate
measurements, a confidence score-based approach has been developed. In this
approach, the mask with the highest confidence score is placed on the Rol first.
Subsequent predictions are inserted only if a certain percentage of the area remains
unassigned. Additionally, similar to the adaptive thresholding approach, predictions
smaller than 40 pixels are excluded. The confidence threshold has been set at 0.7,

with all hyperparameters empirically determined to optimize results.

4.2.2 YOLOV7 Results

Table 4.3 presents the performance results of the YOLOvV7 instance segmentation
model trained on the MoNuSeg dataset, evaluated across the MoNuSeg, CPM17,
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Table 4.4 Semantic segmentation results of YOLOv7

Test Dataset W Background | Nuclei
MoNuSeg | 0.8240 0.9357 0.7123
Dice CPM17 0.7650 0.9315 0.5984
CoNSeP 0.6099 0.9055 0.3142
MoNuSeg | 0.7162 0.8792 0.5531
IoU CPM17 0.6494 0.8718 0.4270
CoNSeP 0.5069 0.8274 0.1864
MoNuSeg | 0.7882 0.9766 0.5998
Recall CPM17 0.7159 0.9933 0.4385
CoNSeP 0.5920 0.9899 0.1941
MoNuSeg | 0.8874 0.8981 0.8766
Precision CPM17 0.9094 0.8770 0.9418
CoNSeP 0.8291 0.8344 0.8238

and CoNSeP datasets. The model achieved a PQ™" of 0.5698 on MoNuSeg, with
D@ and SQ scores of 0.7363 and 0.7522, respectively. However, it is important to

note that these levels of performance were not observed on the other datasets.

On the CPM17 dataset, the YOLOv7 model obtained a PQ™" of 0.4762, with minor
D@ and S(Q scores of 0.6178 and 0.7389, respectively. This indicates the model’s
limited capability in adapting to different domains. A similar results was observed
on the CoNSeP dataset, where the model obtained a D of 0.2561 and an S() of
0.7270. Notably, the S scores remained relatively stable across domains, whereas
the D@ scores declined, suggesting that while the model maintains segmentation
quality, its detection accuracy decreases. Additionally, as illustrated in Figure
4.4, the issues with missed or incorrect detections by YOLOv7 are evident both
from the model predictions and the decrease in D(). A major cause of to these
inconsistencies is the use of a training domain-specific confidence threshold, which

may not be ideal for other domains, reducing the model’s performance.

Table 4.4 presents the semantic segmentation results. Compared to UNet, which
uses watershed techniques to transition from semantic to instance segmentation, the
YOLOV7 instance segmentation model performs significantly worse in semantic
segmentation. This reduced performance is expected due to the model’s strategy of
eliminating non-instance objects from the segmentation mask, which accidentally

misses out correctly identified nuclei, although with a small overall impact.
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S

YOLO-U: ENSEMBLE OF THE YOLOV7 AND
UNET

Instance segmentation combines the techniques of object detection and semantic
segmentation. Object detection is the process of determining the precise location
and size of objects in an image, while semantic segmentation is the task of assigning
each pixel to a specific class. By combining these two approaches, instance
segmentation aims to not only locate objects within an image but also to understand
the boundaries of each object. Due to the complexity of the instance segmentation
task, an extensive dataset is required to achieve accurate results [116]. Nonetheless,
obtaining sufficient datasets is a significant challenge, especially in the field of
medical applications, and a lack of comprehensive datasets frequently limits the

development of robust instance segmentation models [117].

The UNet model, known for its robustness in semantic segmentation tasks, produces
precise segmentation results, particularly nuclei borders. Despite its strengths, UNet
struggles to distinguish between closely located nuclei (see Figure 3.3). In contrast,
the YOLOvV7 instance segmentation model performs better at separating close
nuclei. However, YOLOvV7 does not produce the same precise segmentation masks
as UNet. Furthermore, optimizing models such as YOLOV7 for object detection and
instance segmentation requires finetuning of numerous threshold hyperparameters

in order to accurately differentiate objects.

In this chapter, we introduce an ensemble methodology combining the segmentation
capabilities of UNet with the center prediction performance of YOLOvV7, referred
to as YOLO-U. This approach leverages the strength of YOLOvV7 in distinguishing
individual nuclei and the robust semantic segmentation performance of UNet. By
integrating these capabilities, we propose a confidence threshold-free model for

nuclei instance segmentation that optimizes accuracy and efficiency.
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5.1 Methodology
Considering the challenges presented by UNet and YOLOV7, we propose YOLO-U,

a novel ensemble model that combines the best features of both to enhance
performance. The proposed approach of dividing the instance segmentation
task into object proposals and semantic segmentation models provides more
successful results with fewer data samples, thanks to a reduction in problem
complexity. This methodology takes advantage of UNet’s accuracy in defining
object boundaries and YOLOvV7’s ability to distinguish near objects. Furthermore,
the ensemble methodology eliminates the necessity for manual confidence threshold

hyperparameter adjustments in YOLO-U.

Figure 5.1 shows an overview of the YOLO-U architecture, which is divided into
three main branches: semantic segmentation, instance segmentation, and decision
combination. The instance segmentation branch is specifically designed to improve
the accuracy of object center predictions. This is accomplished in an initial step
by generating a distance map for all pixels across proposed object masks without
applying a confidence threshold. In order to determine the distance value for a
given pixel, the shortest distance to the nearest background pixel is computed.
Subsequently, the centers of the proposed objects can be determined by identifying

the optimal local maxima on the distance map.

Let us define YOLOy,;(.) as the function representing the YOLOV7 instance
segmentation model, and Dist(.) denotes the distance function used to calculate the
pixel’s shortest distance to the nearest background pixel. The process of locating

the center of an object is formalized as follows:
Y OLOps(X) = {(%4, 91, Wi, by, )}, 5.1

where X;, ¥;, Wi, and hi represent the bounding box’s x-coordinate, y-coordinate,
width, and height, respectively, while mi denotes the mask of the ith proposed
object. The input image is denoted by X € R3*"*% and N, represents the number
of proposed objects. The distance map D for the input image X is derived using
mi:

D = Dist({ri;}17) (5.2)
where D € R"*" is same size with X. D indicates of the object centers’ probability
distribution, and D; refers to the distance map corresponding to the i** proposed

object. Figure 5.2 illustrates the relation between the center and the distance map.
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The center map C' is defined as:

(wi,y;) = argmax(D;) for ie{l,...,N,} (5.3)

T4,y
Clai, yi] =1 (5.4)

where the coordinates (z;,;) represent the center of the " proposed object
having the maximum distance in D][z;, y;|. Considering there are multiple potential
center points, our method proposes determining a singular center point by taking
the median of all candidate points. Figure 5.3 shows a 3D visualization of
the distance map alongside the center points, demonstrating the effectiveness of
our methodology in separating closely spaced nuclei. It is noteworthy that the
confidence threshold-free approach may result in numerous false positives regarding

proposed objects. To address this issue, the semantic segmentation branch is used.

The semantic segmentation branch aims to define the boundaries of proposed
objects and reduce the number of false positives. This branch is primarily based on
UNet segmentation results, which are assumed to be mostly accurate, despite their
inability to differentiate closely situated nuclei. However, these results frequently
contain artifacts, especially when models are trained with small amounts of data.
To address these issues, an opening operation is applied to the segmentation map,

resulting in a cleaner and more refined output.

The decision combination branch combines the semantic segmentation, distance
map, and center map results. If a proposed object from the instance segmentation

branch has no significant overlap with the semantic map, it is excluded from further
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Figure 5.3 Distance and center map 3D

processing in this branch. Let S € R?*"*¥ is the semantic segmentation map, and

the final distance map D is adjusted as follows:

D; intersect(D;, S) > th .
D, = for ie€{l,...,N,} and 0<th<1
0 intersect(D;, S) < th

(5.5
The function intersect(.) calculates the ratio of intersection over the area of D; with
th being a threshold close to 1. The center map C is processed in a similar manner.
The instance segmentation model does not always predict the blobs identified by
semantic segmentation. these blobs are also included in D and C. The ensemble

model result is then refined using the watershed algorithm:
P = Watershed (S, D, C) (5.6)

where P € R"** denotes the final instance segmentation map, including object ID

masks. The complete architecture can be summarized as follows:
P = YOLO-U(X) = Ens(YOLO,s(X),UNet(X)) (5.7)

Ens denotes proposed ensemble strategy, combining the instance segmentation
model with the semantic segmentation model to yield a more successful and

confidence threshold-free model.

5.2 Examination of Confidence Threshold

The YOLOvV7 model generates object proposals, and only those aligned with UNet
predictions are included, effectively eliminating low-confidence false positives.

Figure 5.4 illustrates the performance of the YOLOvV7 model across various

63



0.6 ° ——— °
________________________?,_-gx_{f _______ k 3 o DN = o o o o o o o o e

/x
X
/x/ ——
0.5 /x
x
0.4 e
+
Q03
0.2
0.1 Model
—e— YOLO-U
—%— YOLOvV7
0.0 -== UNet + AT X X
0.0 0.2 0.4 0.6 0.8

Confidence Threshold

Figure 5.4 Examination of confidence threshold on MoNuSeg

confidence thresholds, ranging from 0.01 to 0.95. The YOLOv7 model achieves
peak performance at a confidence threshold of 0.6. However, the performance
dramatically decreases at thresholds above 0.7. Additionally, thresholds below
0.4 result in lower performance compared to the UNet with adaptive thresholding

methodology.

The performance of the proposed YOLO-U model is remarkably stable across
different confidence threshold settings. It maintains this stability up to the point
where the YOLOvV7 component achieves its maximum number of true positives.
As the count of true positives decreases, the performance gradually aligns with
that of the UNet model’s instance segmentation results. This clearly shows that
our ensemble methodology not only improves success but also performs efficiently

without relying on confidence thresholds.

5.3 Results

Table 5.1 compares the YOLO-U model’s instance segmentation results to those
of all previously developed models. With a PQ* of 0.6199 on the MoNuSeg
dataset, 0.5852 on the CMP17 dataset, and 0.3674 on the CoNSeP dataset, YOLO-U
has emerged as the most successful model. It outperforms its closest competitor,
the UNet with adaptive thresholding, by margins of 4.99% on MoNuSeg, 2.5%
on CMP17, and 8.54% on CoNSeP. This superior performance is attributable to

the ensemble methodology, which not only preserves the S() performance of the
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Table 5.1 Instance segmentation results of YOLO-U

Model PQT | PQ SQ | DQ | AJT" | AJI
SwinUNet 0.4623 | 0.4602 | 0.7487 | 0.6134 | 0.5462 | 0.5136
Mask-RCNN | 0.4882 | 0.4936 | 0.7333 | 0.6727 | 0.4344 | 0.4304

., | TransUNet 0.4964 | 0.4916 | 0.7599 | 0.6455 | 0.5496 | 0.5137
2 [ 'SwinUNet + AT | 0.5259 | 0.5262 | 0.7487 | 0.7020 | 0.5473 | 0.5139
2 [UNet 0.5414 | 0.5392 | 0.7631 | 0.7056 | 0.5819 | 0.5530
< | TransUNet + AT | 0.5437 | 0.5381 | 0.7599 | 0.7071 | 0.5507 | 0.5143
YOLOV7 0.5698 | 0.5548 | 0.7522 | 0.7363 | 0.5284 | 0.5190
UNet + AT 0.5700 | 0.5701 | 0.7631 | 0.7464 | 0.5824 | 0.5532
YOLO-U 0.6199 | 0.6121 | 0.7608 | 0.8037 | 0.6291 | 0.6215
SwinUNet 0.4495 | 0.4544 | 0.7563 | 0.5960 | 0.5747 | 0.5604
TransUNet 0.4759 | 0.4673 | 0.7702 | 0.6013 | 0.5596 | 0.5227
YOLOV7 0.4762 | 0.4580 | 0.7389 | 0.6178 | 0.4167 | 0.4110
™ [ Mask-RCNN | 0.5235 | 0.5104 | 0.7145 | 0.7080 | 0.5015 | 0.4919
= [ SwinUNet + AT | 0.5335 | 0.5340 | 0.7568 | 0.7009 | 0.5750 | 0.5603
O | UNet 0.5301 | 0.5282 | 0.7765 | 0.6758 | 0.5899 | 0.5782
TransUNet + AT | 0.5358 | 0.5244 | 0.7704 | 0.6756 | 0.5605 | 0.5232
UNet + AT 0.5602 | 0.5567 | 0.7765 | 0.7126 | 0.5896 | 0.5777
YOLO-U 0.5852 | 0.5787 | 0.7722 | 0.7464 | 0.6078 | 0.6018
SwinUNet 0.1677 | 0.1626 | 0.7130 | 0.2270 | 0.2347 | 0.1445
TransUNet 0.1972 | 0.1926 | 0.7327 | 0.2612 | 0.2618 | 0.1916
YOLOV7 0.1992 | 0.1860 | 0.7270 | 0.2561 | 0.1655 | 0.1639
% [ SwinUNet + AT | 02214 | 0.2206 | 0.7135 | 0.3091 | 0.2342 | 0.1435
Z | TransUNet + AT | 0.2327 | 0.2282 | 0.7332 ] 03098 | 0.2609 | 0.1900
O | UNet 0.2608 | 0.2497 | 0.7448 | 0.3334 | 0.2978 | 0.2120
Mask-RCNN | 0.2635 | 0.2764 | 0.7498 | 0.3682 | 0.2478 | 0.2431
UNet + AT 0.2820 | 0.2721 | 0.7449 | 0.3637 | 0.2972 | 0.2111
YOLO-U 0.3674 | 0.3526 | 0.7341 | 0.4773 | 0.4024 | 0.3623

UNet but also significantly boosts the D() performance, thanks to its confidence
threshold-free approach.

Particularly in the CPM17 and CoNSeP datasets, which are different from the
training dataset, the YOLOv7 model exhibits D) performances of 0.6178 and
0.2561, respectively. However, the YOLO-U ensemble methodology, leveraging
YOLOV7 for nuclei center prediction, significantly improves performances to
0.7464 and 0.4773 D@ on CPM17 and CoNSeP, respectively. This significant
improvement is made possible by the confidence threshold-free approach. The
confidence threshold determined empirically for the MoNuSeg dataset domain
does not suit other domains, reducing the number of true positives detected by
the YOLOv7 model. As shown in Figure 5.5, the YOLO-U model successfully

segments and distinguishes instances that UNet can only segment, and that
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YOLOV7 entirely misses.

Due to its superior semantic segmentation performance, UNet is employed within
the YOLO-U model. An opening filter is applied to the UNet semantic segmentation
output in the YOLO-U model to discard instances that do not match the ground
truth by at least 50%. This process, similar to the adaptive thresholding method,
enhances instance segmentation performance. However, it is true that some
correctly classified pixels are also removed. The semantic segmentation results are
presented in Table 5.2, demonstrating the expected effectiveness of the UNet model

in semantic segmentation tasks.
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Table 5.2 Mean semantic segmentation results of YOLO-U

Model 1 IoU | p Dice | p Precision | 1 Recall
SwinUNet 0.7850 | 0.8750 0.8787 0.8715
Mask-RCNN 0.6465 | 0.7648 0.8912 0.7206

oy | TransUNet 0.7699 | 0.8650 0.8601 0.8702
& | SwinUNet + AT | 0.7856 | 0.8754 0.8796 0.8714
> [ UNet 0.7946 | 0.8814 0.8843 0.8786
§ TransUNet + AT | 0.7707 | 0.8655 0.8611 0.8702
YOLOV7 0.7162 | 0.8240 0.8874 0.7882
UNet + AT 0.7948 | 0.8816 0.8848 0.8785
YOLO-U 0.7932 | 0.8805 0.8863 0.8750
SwinUNet 0.7936 | 0.8795 0.9298 0.8454
TransUNet 0.7813 | 0.8713 0.8982 0.8502
YOLOV7 0.6494 | 0.7650 0.9094 0.7159
= | Mask-RCNN 0.7035 | 0.8122 0.9005 0.7683
E SwinUNet + AT | 0.7927 | 0.8788 0.9304 0.8442
O | UNet 0.7948 | 0.8802 0.9335 0.8448
TransUNet + AT | 0.7814 | 0.8714 0.8993 0.8496
UNet + AT 0.7942 | 0.8798 0.9335 0.8442
YOLO-U 0.7881 | 0.8756 0.9338 0.8381
SwinUNet 0.7296 | 0.8347 0.8417 0.8283
TransUNet 0.6695 | 0.7861 0.8184 0.7637
YOLOv7 0.5069 | 0.6099 0.8291 0.5920
% SwinUNet + AT | 0.7290 | 0.8342 0.8425 0.8266
Z TransUNet + AT | 0.6685 | 0.7852 0.8191 0.7620
O | UNet 0.7391 | 0.8412 0.8656 0.8220
Mask-RCNN 0.5536 | 0.6664 0.8724 0.6325
UNet + AT 0.7387 | 0.8408 0.8659 0.8212
YOLO-U 0.7345 | 0.8375 0.8687 0.8143

5.4 Limitations

In the YOLO-U approach, it is presupposed that the UNet model executes semantic
segmentation effectively. As a result, the efficacy of the YOLO-U model is limited
by the capabilities of the UNet model, which means that an object not segmented by
UNet cannot be predicted by YOLO-U. Moreover, since the outputs of both models
are utilized, the training and testing durations exceed the sum of the individual times

required for each model.
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6

MEDICAL DOMAIN-SPECIFIC MODELS FOR
NUCLEI INSTANCE SEGMENTATION

In the literature, nuclei instance segmentation tasks have been addressed using UNet
and its derivatives, general-purpose instance segmentation models, and models
designed specifically for nuclei instance segmentation. One of the most successful
models specifically designed for nuclei instance segmentation is HoVer-Net [20].
In the HoVer-Net study, a P value of 0.597 is reported for the MoNuSeg dataset,
which is 1.2% lower than that of the YOLO-U model. However, various studies
indicate that different experimental setups can lead to either more successful or less
successful outcomes [50]. Consequently, we have evaluated the HoVer-Net model

within our specifically designed experimental framework.

In the domain of medical imaging, StarDist [118, 119] is another model known
for its state-of-the-art results. There are several implementations of StarDist for
different nuclei instance segmentation datasets in the literature [21, 120]. However,
naturally, no study mirrors our experimental setup exactly. Due to its reported
success in the literature, the StarDist model has also been incorporated into our

study.

This chapter examines HoVer-Net and StarDist, two prominent models extensively
used for instance segmentation in medical imaging. Both models were trained on
the MoNuSeg dataset specifically for nuclei instance segmentation. The strengths
and weaknesses of these models have been analyzed using the MoNuSeg, CoNSeP,
and CPM17 datasets.

6.1 HoVer-Net

HoVer-Net [20] is a model specifically developed for the nuclei instance
segmentation task. It approaches the problem by dividing it into three distinct tasks:

segmenting nuclei pixels, identifying and separating nuclei centers, and classifying
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the types of nuclei. To tackle each of these problems, it employs specialized head

architectures that share common structural features.

The HoVer-Net model for nuclei instance segmentation fundamentally consists

of four main components: a backbone and three heads. Figure 6.1 details the



architecture of HoVer-Net. The backbone architecture is composed of consecutive
residual blocks and batch normalization layers and is designed to process input
images of 270 x 270 pixels. Unlike the classic ResNet architecture, each residual
block in HoVer-Net is uniquely structured, starting with batch normalization,
followed by a ReLU activation function, and a convolution filter. This sequence

is repeated three times.

The head architecture in HoVer-Net incorporates skip connections from the
backbone, similar to other models we have analyzed. The principal idea, as
observed in previously discussed models, is to combine coarse and fine feature
vectors and enhance the gradient flow. The head’s main components are successive
dense blocks, which are similar to residual blocks but organized differently.
Each dense block sequentially applies batch normalization, ReLU activation, and
convolution filters. Unlike residual blocks that add input to output, dense blocks

concatenate these vectors [115].

Each of the three heads in HoVer-Net is trained for a distinct task. The first head
performs semantic segmentation to differentiate between nuclei and background,
producing an 80 X 80 pixel binary output classifying it as either nucleus or
background. The primary objective of this head is to identify the pixels belonging to
nuclei as precisely as possible. The overall performance of the model is dependent

on the accuracy of this head, so its effectiveness is critical to the model’s success.

Another head within the HoVer-Net architecture focuses on determining the
distance of each pixel to the nearest nucleus center, outputting a 2 x 80 x 80 matrix
that represents vertical and horizontal distances. This feature is particularly crucial
in post-processing, where it aids in resolving which nucleus each pixel belongs to,

especially in cases where nuclei are in close proximity.

The last head in the architecture is responsible for classifying the types of nuclei.
It produces a traditional semantic segmentation output. However, the performance
of this head does not impact the overall model performance as significantly as the
other heads. This is because, during post-processing, the classification of nuclei is
refined by averaging the class pixels within the instances identified by the two other

heads, which focus on separating nuclei pixels and calculating their proximity.

6.1.1 HoVer-Net Experimental Setup

The model training for this chapter utilized the MoNuSeg dataset, consistent with
other chapters. For testing, cross-domain tests were conducted using the MoNuSeg,
CPM17, and CoNSeP datasets. The hyperparameters strictly adhere to those
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Table 6.1 Instance segmentation results of HoVer-Net

Test Dataset | PQ™ | PQ SQ DQ AJIT | AJI

MoNuSeg 0.6406 | 0.6370 | 0.7648 | 0.8316 | 0.6677 | 0.6611
CPM17 0.6357 | 0.6258 | 0.7802 | 0.7984 | 0.6566 | 0.6516
CoNSeP 0.4019 | 0.3859 | 0.7480 | 0.5129 | 0.3859 | 0.3778

specified in the original HoVer-Net study. The training process utilized overlapping
patches of 280x280. To ensure a fair comparison with other models, the testing
protocol was carried out on Rol. The patch merging process strictly followed
the protocols established in the HoVer-Net study, without introducing any new
methodologies.

6.1.2 HoVer-Net Results

Table 6.1 presents the instance segmentation results obtained with the HoVer-Net
model. With a PQ™ score of 0.6406, HoVer-Net demonstrates robust performance
in instance segmentation. However, as observed in other experiments, it exhibits
lower performance on the CoNSeP dataset compared to the MoNuSeg and CPM17
datasets. On the CPM17 dataset, it achieves a higher S() than on MoNuSeg.
Comparing the PQ™ scores of 0.6406 on the MoNuSeg dataset and 0.6357 on the
CPM17 dataset, it can be inferred that the HoVer-Net model, specifically developed

for nuclei instance segmentation tasks, possesses strong generalization capabilities.

Given that one of the heads of the HoVer-Net model is dedicated to semantic

segmentation, it is expected to produce better results compared to detection-based
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Table 6.2 Semantic segmentation results of HoVer-Net

Test Dataset W Background | Nuclei
MoNuSeg | 0.8879 0.9500 0.8258
Dice CPM17 0.8985 0.9638 0.8332
CoNSeP 0.8180 0.9390 0.6970
MoNuSeg | 0.8040 0.9047 0.7032
IoU CPM17 0.8221 0.9300 0.7141
CoNSeP 0.7100 0.8851 0.5349
MoNuSeg | 0.8960 0.9424 0.8497
Recall CPM17 0.8681 0.9882 0.7481
CoNSeP 0.7840 0.9723 0.5956
MoNuSeg | 0.8804 0.9577 0.8031
Precision CPM17 0.9404 0.9405 0.9402
CoNSeP 0.8739 0.9080 0.8399

models. The semantic segmentation results for the HoVer-Net model are shown in
Table 6.2, where it achieves remarkably high results across all evaluated datasets.
Notably, on the CPM17 dataset, a precision of 0.9402 is particularly impressive.
As evidenced by the instance segmentation predictions displayed in Figure 6.2, the

HoVer-Net model effectively delineates the boundaries of nuclei.

6.2 StarDist

The classical approach to nuclei instance segmentation typically involves first
classifying pixels as either nuclei or not, followed by grouping to form nuclei
instances. However, StarDist [118, 119] introduces a novel perspective by
representing nuclei as star-convex polygons. This method solves the problem in
a single step, making it both efficient and robust to noise such as misclassifications

in semantic segmentation.

Figure 6.3 illustrates the architecture of the StarDist model. As depicted, the
model possesses a straightforward architecture, closely resembling the UNet model
described in Chapter 3.1, except for a modification in the decoder block. Like the
classical UNet, the encoder in the StarDist model progresses through five levels.
However, in StarDist’s adapted UNet architecture, there is no skip connection
between the decoder block and the level 0 Conv Block, meaning the decoder has
one fewer level. Consequently, for an input size of w X h, the output size is reduced
tow/2 x h/2.

A convolution filter is applied to the output of the decoder block to generate input

matrices for two distinct heads, each consisting of a convolution block. The first
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head determines whether a pixel is in the center of an object, similar to the function
used in object detection models. The second head predicts the distances to the

boundaries of the nuclei, using the specified pixel as the center point.

The key feature of the model lies in its representation of distances. It conceptualizes
nuclei boundaries as star-convex polygons and computes distances from the center
to these boundaries. Instead of using polygon points derived directly from the
ground truth instance segmentation map, this model generates points by projecting
radii from the center at fixed angular intervals. This method ensures that all
instances are represented with the same number of polygon points, independently

from the segmentation map in the ground truth.

During the prediction process, objects with an objectness score below a certain
threshold are excluded. Non-maximum suppression is then applied to the selected
objects to remove any overlaps. The remaining objects constitute the final
predictions of the model. To maximize performance, hyperparameters applied in

post-processing are optimized for a given dataset.

StarDist includes task-specific designs for tackling the nuclei segmentation
problem, most notably representing object borders as convex polygons. This
approach is not suitable for segmenting concave objects and does not address
occlusions between overlapping objects. While these design choices enhance its
effectiveness for nuclei instance segmentation, they limit the model’s applicability

to other segmentation tasks.
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Table 6.3 Instance segmentation results of StarDist
Test Dataset | PQ™ | PQ SQ DQ AJIT | AJI
MoNuSeg 0.6878 | 0.6839 | 0.7746 | 0.8822 | 0.6835 | 0.6727
CPM17 0.6632 | 0.6547 | 0.7862 | 0.8302 | 0.6604 | 0.6499
CoNSeP 0.4023 | 0.3963 | 0.7415 | 0.5334 | 0.4272 | 0.3806

6.2.1 StarDist Experimental Setup

StarDist adjusts multiple hyperparameters according to the specific dataset used,
which is why this study strictly follows the methodology recommended for StarDist.
In this study, consistent with previous implementations, the model was trained using
patches of size 256 x 256 and tested on Rol. For testing, the MoNuSeg, CPM17,
and CoNSeP datasets were used, as with other models.

6.2.2 StarDist Results

The StarDist model, trained using the MoNuSeg dataset, was evaluated on the
MoNuSeg, CPM17, and CoNSeP datasets. Its instance segmentation performance
is detailed in Table 6.3. Like its performance on other datasets, the StarDist
demonstrates high performance on the MoNuSeg and CPM17 datasets while
showing relatively lower performance on the CoNSeP dataset. Notably, it achieved
impressive PQ" scores of 0.6867 on MoNuSeg and 0.6632 on CPM17. In the
MoNuSeg dataset, the S() score is consistent with other models, ranging between
75-80, but the D() score notably approaches the 90th percentile.

As evident from Figure 6.4, the StarDist model draws very precise oval masks for
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Table 6.4 Semantic segmentation results of StarDist

Test Dataset W Background | Nuclei
MoNuSeg | 0.8893 0.9521 0.8265
Dice CPM17 0.8864 0.9591 0.8137
CoNSeP 0.8039 0.9334 0.6744
MoNuSeg | 0.8065 0.9086 0.7043
IoU CPM17 0.8037 0.9215 0.6859
CoNSeP 0.6919 0.8751 0.5087
MoNuSeg | 0.8886 0.9528 0.8497
Recall CPM17 0.8590 0.9818 0.7362
CoNSeP 0.7740 0.9638 0.5841
MoNuSeg | 0.8900 0.9515 0.8285
Precision CPM17 0.9235 0.9375 0.9094
CoNSeP 0.8512 0.9048 0.7975

convex objects in the MoNuSeg dataset. However, it is noteworthy that it fails to
generate successful masks for some non-convex objects and also misses detecting
many nuclei that are non-convex. Despite these limitations, the model is generally

effective in performing instance segmentation.

Table 6.4 presents the semantic segmentation performance of the StarDist model on
the MoNuSeg, CPM17, and CoNSeP datasets. The recall values obtained for these
datasets are 0.8497, 0.7362, and 0.5841, respectively. Assuming that the StarDist
model is closer in operation to detection-based models like YOLOvV7 rather than
semantic segmentation models like HoVer-Net, it demonstrates an unexpectedly
high performance in recall. The effectiveness of the star-convex polygon approach
in simplifying the problem and enhancing model performance is evident from these

results.
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7

HR-YOLO: IMPROVED YOLO FOR NUCLEI
INSTANCE SEGMENTATION

In all evaluated models, the architectures involve reducing the dimensions of the
input images through a series of downsampling blocks to decrease the size of feature
vectors. Subsequently, these dimensions are restored to those of the input images
using a series of upsampling blocks. For instance, in the YOLOv7 model, the
output feature vector produced by the initial convolution block is half the size of
the input dimension. Although this feature may yield excellent results on datasets
like COCO [121], we believe it has a negative impact on tasks such as nuclei
instance segmentation, where accurate detection and segmentation of small objects

are crucial.

In this chapter, we introduce the HR-YOLO, specifically designed for the task of

nuclei instance segmentation. This model is developed by integrating a backbone
derived from HRNet [122] with the neck and head components of YOLOV7.

7.1 Methodology

Traditional networks typically downsample the input image to a lower resolution
early in the process, then attempt to reconstruct high-resolution details in
subsequent layers. However, HRNet [122] introduces an alternative approach
by maintaining parallel branches at different resolutions. This method allows
the network to preserve high-resolution details while simultaneously capturing
low-resolution contextual information. Interconnections between these branches

facilitate the integration of contextual data across different resolutions.

Figure 7.1 illustrates the backbone used in the HR-YOLO model. This backbone
is a 3-branch HRNet configuration that produces feature vectors at resolutions of
1/4, 1/8, and 1/16 of the input size. The distinctiveness of the model lies in
the transitions between branches, resulting in a complex structure. Initially, the
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input image is processed through an HR-Conv Block, followed by HR Blocks with

residual connections.

The HR-Conv Block is a foundational element within the HR-YOLO model’s
architecture, consisting of convolution filters and batch normalization layers.
The HR Block is formed by repeating a sequence of convolution filters,
batch normalization, and ReLU activation layers three times. Additionally,

the HR Block with Residual Connection mirrors the HR Block’s structure but
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Figure 7.2 HR-YOLO neck and head

integrates a secondary connection that includes extra convolutional filters and batch

normalization, improving gradient flow across the network.

In the HR-YOLO model architecture, a stride of 2 convolution filters is applied
to the main branch, generating new branches that produce even lower-resolution
feature vectors at 1/8 scale. Sequential applications of HR-Conv blocks extract
feature vectors from both branches.Then, the lower-resolution branch is upsampled
to match the output of the high-resolution branch, while a 2 stride convolution
filter is applied to the high-resolution branch to merge it with the output of the
lower-resolution branch using ReLU activation. This process continues across three

different levels (P2, P3, and P4) until feature vector outputs are generated.

The neck and head of the HR-YOLO model retain the same architectural structure

used in the YOLOvV7 model. The neck combines coarse and fine feature vectors,
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processing inputs at 1/4, 1/8, and 1/16 scales of the original image size and
producing feature vectors at corresponding resolutions. For feature extraction, the
model utilizes Conv Blocks and ELAN Blocks. Similar to YOLOV7, it employs
MaxPool & Conv Blocks to reduce the dimensions of the feature vectors by half.
The head utilizes a simple YOLOv7 detection block that includes an additive
implicit layer, convolution filters, and a multiplicative implicit layer. Crucially, the
detection block inputs high-resolution feature vectors, resulting in a high number
of proposed bounding boxes. For instance, for a feature map that is 1/4 the size of
the input image, a bounding box is proposed for every 4-pixel grid. Non-maximum

suppression is then applied to remove overlapping bounding boxes.

For the mask output, the HR-YOLO model adopts the same structure as used in
YOLOv7. However, to enhance the segmentation accuracy, the model is fed with
feature vectors scaled to 1/16 of the input image size instead of 1/32, aiming to

achieve more refined segmentation results.

7.2 HR-YOLO Experimental Setup

The SGD optimizer was used to train 300 epochs with patches sized at 256 X
256. The initial learning rate was set to 0.01, without employing a learning rate
scheduler. Scale augmentation was not applied. However, flip augmentations for
both up-down and left-right were implemented with a 50% probability to enhance
model robustness against orientation variations. The batch size was set to 16, with a
gradient accumulation parameter of 4. The training was conducted without the aid

of pretrained models.

While the initial training was conducted on 256x256 image patches, the testing
phase utilized Rol. Patches of the same size were extracted from these Rol and
fed into the model. The results from these patches were then combined to produce

complete predictions for the entire Rol.

The model allows a pixel to be assigned to multiple instance masks. However,
this multiplicity is not suitable for nuclei instance segmentation tasks. To improve
performance and accuracy, a confidence score-based method has been used, like our
proposed methodology in the YOLOV7 instance segmentation model. This method
prioritizes masks with the highest confidence scores during placement on the Rol.
Subsequent predictions are only added if a significant portion of the area remains
unassigned. Additionally, predictions were generated on 256 x 256 patches with a
step size of 64. Predictions located on the boundaries of the patches were excluded

when compiling the Rol. This exclusion aims to avoid the negative boundary effects
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Figure 7.3 HR-YOLO model prediction

Table 7.1 Instance segmentation results of HR-YOLO

Test Dataset | PQ™ | PQ SQ DQ AJTT | AJI

MoNuSeg 0.6864 | 0.6800 | 0.7787 | 0.8726 | 0.6661 | 0.6561
CPM17 0.6661 | 0.6609 | 0.7975 | 0.8266 | 0.6476 | 0.6398
CoNSeP 0.3893 | 0.3626 | 0.7741 | 0.4667 | 0.3281 | 0.3024

of the convolution operation on nuclei located at the edges of patches.

7.3 Results
Table 7.1 presents the instance segmentation results of the HR-YOLO model trained

on the MoNuSeg dataset. The model has demonstrated exceptional performance,
with a PQ™ of 0.6864 on the MoNuSeg dataset and 0.6661 on the CPM 17 dataset.
As shown in Figure 7.3, it also achieves significant segmentation performance with
an SQ of 0.7975 on the CPM17 dataset and 0.7787 on the MoNuSeg dataset.
However, as HR-YOLO is a detection-based approach, its performance in the A.J I
and AJI" metrics does not reach the same high levels.

The YOLO-U model demonstrates high performance on the MoNuSeg and CPM17
datasets; however, it does not perform as well on the CoNSeP dataset. Despite
achieving a high SQ of 0.7741, the D() remains considerably low at 0.4667. As
previously discussed, detection-based models tend to exhibit reduced true positives
in different domains due to the influence of the confidence threshold. Table 5.2

provides the semantic segmentation results for the HR-YOLO model, with a recall
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Table 7.2 Semantic segmentation results of HR-YOLO

Test Dataset W Background | Nuclei
MoNuSeg | 0.8830 0.9496 0.8163

Dice CPM17 0.8784 0.9577 0.7991
CoNSeP 0.7406 0.9226 0.5587

MoNuSeg | 0.7969 0.9041 0.6897

IoU CPM17 0.7921 0.9188 0.6654
CoNSeP 0.6220 0.8563 0.3876

MoNuSeg | 0.8811 0.9514 0.8107

Recall CPM17 0.8434 0.9873 0.6995
CoNSeP 0.7008 0.9762 0.4255

MoNuSeg | 0.8849 0.9478 0.8220

Precision CPM17 0.9307 0.9298 0.9317
CoNSeP 0.8439 0.8745 0.8132

of 0.4255 on the CoNSeP dataset, supporting this observation.
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3

DISCUSSIONS

In this study, we have endeavored to tackle the task of nuclei instance segmentation,
which is an important undertaking in real-world histopathology image analysis.
Quantifying nuclear density in specific tissue areas and analyzing nuclear
morphology have significant diagnostic importance. Therefore, our research
focuses on the PQ' metric, which best measures these aspects. This chapter
provided a comprehensive comparison and analysis of the performance of the
various models discussed and proposed throughout this study, examining the

reasons for their effectiveness or shortcomings.

As previously discussed, there is a notable absence of a universally accepted training
and testing protocol in the literature for nuclei instance segmentation. To address
this gap, this study established a standardized protocol using the widely adopted
MoNuSeg dataset for model training, with its test subset utilized for validation.
The primary test dataset employed was CPM17, with the CoNSeP dataset used
for cross-domain testing. Model training was executed on patches derived from
the MoNuSeg dataset, whereas the tests were carried out on Rol. This method
facilitated the development of 12 distinct models. By maintaining consistent
training and testing conditions, this study not only enables a fair comparison of
model performances across domains but also establishes an experimental setup that

could potentially set a benchmark for future research in this area.

This study conducted a comprehensive comparative analysis for all models
analyzed, focusing on their performance across the MoNuSeg, CPM17, and
CoNSeP datasets, as outlined in Table 8.1, with results ranked according to
the PQ" metric. In the MoNuSeg dataset, the HR-YOLO and StarDist models
showcased nearly identical performances. StarDist achieved a PQ™ score of
0.6878, while HR-YOLO closely followed with a score of 0.6864, differing only
by 0.0014. HR-YOLO outperformed in SQ, indicating better segmentation quality,
while StarDist performed in DQ, implying more accurate detection capabilities.
Remarkably, in the AJI metric, HoVer-Net, HR-YOLO, and StarDist outperformed
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Table 8.1 Comparison of instance segmentation results

Model PQT | PQ SQ | DQ | AJT" | AJI
SwinUNet 0.4623 | 0.4602 | 0.7487 | 0.6134 | 0.5462 | 0.5136
Mask-RCNN | 0.4882 | 0.4936 | 0.7333 | 0.6727 | 0.4344 | 0.4304
TransUNet 0.4964 | 0.4916 | 0.7599 | 0.6455 | 0.5496 | 0.5137
SwinUNet + AT | 0.5259 | 0.5262 | 0.7487 | 0.7020 | 0.5473 | 0.5139

oo [ UNet 0.5414 | 0.5392 | 0.7631 | 0.7056 | 0.5819 | 0.5530
2 | TransUNet + AT | 0.5437 | 0.5381 | 0.7599 | 0.7071 | 0.5507 | 0.5143
Z [YOLOV7 0.5698 | 0.5548 | 0.7522 | 0.7363 | 0.5284 | 0.5190
= | UNet + AT 0.5700 | 0.5701 | 0.7631 | 0.7464 | 0.5824 | 0.5532
YOLO-U 0.6199 | 0.6121 | 0.7608 | 0.8037 | 0.6291 | 0.6215
HoVer-Net 0.6406 | 0.6370 | 0.7648 | 0.8316 | 0.6677 | 0.6611
HR-YOLO 0.6864 | 0.6800 | 0.7787 | 0.8726 | 0.6661 | 0.6561
StarDist 0.6878 | 0.6839 | 0.7746 | 0.8822 | 0.6835 | 0.6727
SwinUNet 0.4495 | 0.4544 | 0.7563 | 0.5960 | 0.5747 | 0.5604
TransUNet 0.4759 | 0.4673 | 0.7702 | 0.6013 | 0.5596 | 0.5227
YOLOV7 0.4762 | 0.4580 | 0.7389 | 0.6178 | 0.4167 | 0.4110
Mask-RCNN | 0.5235 | 0.5104 | 0.7145 | 0.7080 | 0.5015 | 0.4919
| SwinUNet + AT | 0.5335 | 0.5340 | 0.7568 | 0.7009 | 0.5750 | 0.5603
S [ UNet 0.5301 | 0.5282 | 0.7765 | 0.6758 | 0.5899 | 0.5782
& | TransUNet + AT | 0.5358 | 0.5244 | 0.7704 | 0.6756 | 0.5605 | 0.5232
UNet + AT 0.5602 | 0.5567 | 0.7765 | 0.7126 | 0.5896 | 0.5777
YOLO-U 0.5852 | 0.5787 | 0.7722 | 0.7464 | 0.6078 | 0.6018
HoVer-Net 0.6357 | 0.6258 | 0.7802 | 0.7984 | 0.6566 | 0.6516
StarDist 0.6632 | 0.6547 | 0.7862 | 0.8302 | 0.6604 | 0.6499
HR-YOLO 0.6661 | 0.6609 | 0.7975 | 0.8266 | 0.6476 | 0.6398
SwinUNet 0.1677 | 0.1626 | 0.7130 | 0.2270 | 0.2347 | 0.1445
TransUNet 0.1972 | 0.1926 | 0.7327 | 0.2612 | 0.2618 | 0.1916
YOLOV7 0.1992 | 0.1860 | 0.7270 | 0.2561 | 0.1655 | 0.1639
SwinUNet + AT | 0.2214 | 0.2206 | 0.7135 | 0.3091 | 0.2342 | 0.1435
o, | TransUNet + AT | 0.2327 | 0.2282 | 0.7332 | 0.3098 | 0.2609 | 0.1900
& [ UNet 0.2608 | 0.2497 | 0.7448 | 0.3334 | 0.2978 | 0.2120
Z Mask-RCNN | 0.2635 | 0.2764 | 0.7498 | 0.3682 | 0.2478 | 0.2431
© [UNet + AT 0.2820 | 0.2721 | 0.7449 | 0.3637 | 0.2972 | 0.2111
YOLO-U 0.3674 | 0.3526 | 0.7341 | 0.4773 | 0.4024 | 0.3623
HR-YOLO 0.3893 | 0.3626 | 0.7741 | 0.4667 | 0.3281 | 0.3024
HoVer-Net 0.4019 | 0.3859 | 0.7480 | 0.5129 | 0.3859 | 0.3778
StarDist 0.4023 | 0.3963 | 0.7415 | 0.5334 | 0.4272 | 0.3806

other models, demonstrating their robustness in nuclei instance segmentation tasks.

In the CPM17 dataset, the HR-YOLO model emerged as the top performer,

achieving a PQ™ of 0.6661, distinguishing itself as the most effective at instance

segmentation among the evaluated models. Moreover, in terms of the AJI metric,
HoVer-Net demonstrated the highest scores, while StarDist excelled in the AJTT
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metric. These outcomes underscore the crucial importance of choosing appropriate
metrics for model comparison, as they can significantly influence the interpretation

of a model’s performance in nuclei instance segmentation.

The HR-YOLO model’s impressive performance in the PQ metric is a direct result
of its effective segmentation capability. This outcome highlights the model’s
architectural advantage in preserving high-resolution details alongside capturing
essential low-resolution contextual information, which enhances its segmentation
effectiveness. However, its lesser performance in the AJI and AJI™ metrics is
primarily due to its failure to detect certain objects, pointing to limitations in its

object detection capabilities.

In the CoNSeP dataset, the three most successful models are HR-YOLO,
HoVer-Net, and StarDist, with StarDist leading in performance with a PQ™
score of 0.4023. The success of these models, specifically designed for medical
applications, in a domain-specific dataset like CoNSeP is not unexpected. Despite
this, HR-YOLO continues to exhibit the highest SQ across different datasets,
underscoring its superior segmentation quality. However, its relatively low DQ
score of 0.4667 in the CoNSeP dataset indicates a decrease in detection performance
across different domains, highlighting challenges in generalizing the detection

capabilities of the model.

In summary, the results across all three datasets clearly indicate that HR-YOLO,
HoVer-Net, and StarDist are the most successful models. HR-YOLO and StarDist
demonstrate closely matched performance on the MoNuSeg dataset used for
validation. In the CPM17 dataset, designated as the primary test set, HR-YOLO
achieves the best results. On the CoNSeP dataset, used for cross-domain
testing, both HoVer-Net and StarDist produce noteworthy outcomes. However,
HR-YOLO shows relatively weaker performance in this cross-domain test. Visual

representations of model predictions are provided in Figure 8.1.

Figure 8.2 presents comparative analyses of models across six different metrics.
Similar distributions are observed in the MoNuSeg and CPM 17 datasets, while the
CoNSeP dataset consistently demonstrates lower results. As detailed in Chapter
1, nuclei instance segmentation models in the literature can be classified into three
main categories. It is evident that models based on semantic segmentation yield
the least successful outcomes, as indicated by their proximity to the center in the
figures. In contrast, models based on object detection approaches tend to yield more
favorable results. While semantic quality (S(Q)) scores are similar across different

datasets, detection quality (D)) of models is significantly influenced by variations
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Figure 8.2 Comparison of instance segmentation results

in the domain, underscoring the challenges in achieving robust cross-domain

performance.

In Table 8.2, the semantic segmentation results of various models are presented

in the same order as their instance segmentation performances.
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Table 8.2 Comparison of mean semantic segmentation results

Model 1 IoU | p Dice | p Precision | 1 Recall
SwinUNet 0.7850 | 0.8750 0.8787 0.8715
Mask-RCNN 0.6465 | 0.7648 0.8912 0.7206
TransUNet 0.7699 | 0.8650 0.8601 0.8702
SwinUNet + AT | 0.7856 | 0.8754 0.8796 0.8714

o0 | UNet 0.7946 | 0.8814 0.8843 0.8786
% | TransUNet + AT | 0.7707 | 0.8655 0.8611 0.8702
% [YOLOV7 0.7162 | 0.8240 0.8874 0.7882
= [UNet + AT 0.7948 | 0.8816 0.8848 0.8785
YOLO-U 0.7932 | 0.8805 0.8863 0.8750
HoVer-Net 0.8040 | 0.8879 0.8804 0.8960
HR-YOLO 0.7969 | 0.8830 0.8849 0.8811
StarDist 0.8065 | 0.8893 0.8900 0.8886
SwinUNet 0.7936 | 0.8795 0.9298 0.8454
TransUNet 0.7813 | 0.8713 0.8982 0.8502
YOLOV7 0.6494 | 0.7650 0.9094 0.7159

Mask-RCNN 0.7035 | 0.8122 0.9005 0.7683
SwinUNet + AT | 0.7927 | 0.8788 0.9304 0.8442

§ UNet 0.7948 | 0.8802 | 0.9335 0.8448
& | TransUNet + AT | 0.7814 | 0.8714 | 0.8993 0.8496
UNet + AT 0.7942 | 0.8798 | 0.9335 0.8442
YOLO-U 0.7881 | 0.8756 | 0.9338 0.8381
Ho Ver-Net 0.8221 | 0.8985 | 0.9404 0.8681
StarDist 0.8037 | 0.8864 | 0.9235 0.8590
HR-YOLO 0.7921 | 0.8784 | 0.9307 0.8434
SwinUNet 0.7296 | 0.8347 | 0.8417 0.8283
TransUNet 0.6605 | 0.7861 | 0.8184 0.7637
YOLOV7 0.5069 | 0.6099 | 0.8291 0.5920
SwinUNet + AT | 0.7290 | 0.8342 | 0.8425 0.8266
a. | TransUNet + AT | 0.6685 | 0.7852 | 0.8191 0.7620
& | UNet 0.7391 | 0.8412 | 0.8656 0.8220
Z [Mask-RCNN | 0.5536 | 0.6664 | 0.8724 0.6325
© [UNet + AT 07387 | 0.8408 | 0.8659 | 0.8212
YOLO-U 0.7345 | 0.8375 | 0.8687 0.8143
HR-YOLO 0.6220 | 0.7406 |  0.8439 0.7008
HoVer-Net 0.7100 | 0.8180 | 0.8739 0.7840
StarDist 0.6919 | 0.8039 | 0.8512 0.7740

expectations that models based on semantic segmentation would outperform others,
StarDist and HoVer-Net emerge as the top performers in the MoNuSeg and CPM17
datasets. Specifically, StarDist achieves a p/oU of 0.8065 in the MoNuSeg dataset,
with HoVer-Net close behind at 0.8040. In the CPM17 dataset, HoVer-Net leads
with a ploU of 0.8221, followed by StarDist at 0.8037. Interestingly, in the
CoNSeP dataset, the UNet model breaks from this trend and achieves the highest
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performance with a puloU of 0.7391. Subsequently, the UNet with adaptive
thresholding model and YOLO-U both perform well in this dataset.

Considering the results observed, it can be argued that models based on object
detection produce more successful outcomes. Additionally, as seen with the
StarDist model, enhancements in object representation, even when using a UNet
backbone, can yield state-of-the-art results. This suggests that enhancing models
like HR-YOLO, which currently lack specific representation capabilities, with
advanced geometric representations such as convex polygons, could significantly
improve their performance. We consider this a promising direction for future

research.
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CONCLUSION

This thesis analyzed various models and methodologies for nuclei instance
segmentation and provided a comprehensive analysis of their performance on
cross-domain datasets. This study has implemented and evaluated a variety of
models, including UNet-based semantic segmentation approaches and modern
detection-based models such as the YOLOV7 instance segmentation model. The
study identified the strengths and limitations of existing techniques while also
introducing novel methods for improving segmentation and detection accuracy.
The proposed HR-YOLO model is one of the most important contributions. It
improves the YOLO architecture for nuclei instance segmentation by making
it better at finding small objects at high resolution. The model has exhibited
outstanding performance, achieving a PQ™ score of 0.6864 on the MoNuSeg
dataset and 0.6661 on the CPM17 dataset. In addition, the YOLO-U model, an
ensemble technique that combines the precision of UNet semantic segmentation
capabilities with the detection capabilities of YOLOV7, reduces the dependency on
confidence thresholds, aiding scenarios with limited expert review. The YOLO-U
not only preserves the S() performance of the UNet but also significantly boosts
the D@ performance, thanks to its confidence threshold-free approach. For
semantic segmentation based approaches, we also proposed the size-based adaptive
thresholding technique, which dynamically adjusts the threshold, improving
accuracy by effectively distinguishing between true objects and noise. For the UNet
model, which is trained using the CoNIC dataset, a performance of 0.5090 mPQ™
was achieved across 5 folds, which is 5.9% higher compared to results without any
thresholding applied. Moreover, standardized experimental setup was established
using popular datasets like MoNuSeg, CMP17, and CoNSeP, which allows for fair

and reproducible comparisons of model performance across studies.

The analysis confirmed that while semantic segmentation-based models outperform
in recall, they often struggle with separating overlapping nuclei. On the other hand,

detection-based approaches, while less precise in boundary definition, provide
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better individual detection in dense cluster scenarios. Models that effectively
balance segmentation and the separation of individual nuclei demonstrate superior

performance in the task of nuclei instance segmentation.

In conclusion, this thesis has not only advanced the field of nuclei instance
segmentation by proposing new models and methodologies, but it has also set
a benchmark for future research by establishing a standardized testing protocol.
Continued efforts in this direction will undoubtedly aid in early disease detection

and treatment, potentially saving lives through improved diagnostic techniques.
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