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Sciences, Informatics – N 009).
Members:
Assoc. Prof. Dr. Viktor Medvedev (Vilnius University, Natural
Sciences, Informatics – N 009),
Assoc. Prof. Dr. Pavel Stefanovič (Vilnius Gediminas Technical
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ABSTRACT

Prostate Cancer (PCa) is one of the most prevalent malignancies world-
wide, as reflected in recent global cancer statistics. A critical step in
its diagnosis is the assessment of multiparametric Magnetic Resonance
Imaging (mpMRI). In recent years, various deep learning approaches
have been investigated to enhance the detection and segmentation of
PCa using mpMRI. Despite these advances, prostate cancer segmenta-
tion remains a challenging task. This thesis investigates PCa segmenta-
tion ensembles to further improve the segmentation performance and
robustness. In particular, it focuses on the state-of-the-art medical im-
age segmentation method no-new U-Net (nnU-Net).

A substantial body of research has demonstrated that integrating
prostate zonal information into prostate cancer segmentation approaches
improves the segmentation and detection accuracy. Therefore, this the-
sis also investigates prostate zone segmentation workflows to further
improve the accuracy of the prostate zone segmentation. It proposes
two novel prostate zone segmentation workflows, both of which em-
ploy Deep Neural Network (DNN) models trained with the nnU-Net
method. The empirical comparison indicates that novel Separate Mod-
els for the Transition Zone, Peripheral Zone Segmentation workflow
achieves the most accurate prostate zone segmentation results. More-
over, the thesis investigates the impact of substituting the original U-
Net architecture used in the nnU-Net method with U-Net variation
employing attention mechanisms on the prostate zone segmentation.
These variations include grid attention U-Net, single attention U-Net,
multidimensional attention U-Net and dual-attention U-Net. The em-
pirical experiment did not indicate a statistical significance of the dif-
ference between prostate zone segmentation results of compared DNN
architectures. The dataset used for the comparative experiment on the
prostate zone segmentation task consists of two publicly available data-
sets, ProstateX and Decathlon challenge datasets.

This thesis proposes four novel prostate cancer segmentation en-
sembles which employ DNN models trained with the nnU-Net method.
All of these ensembles are structured to utilize prostate zone masks.
The empirical experiment indicates that the most accurate results are
achieved by the ensemble which combines the results of the DNN model
specialized in segmenting lesions in the peripheral zone, and the model
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which segments PCa in the whole prostate gland and uses prostate
zone masks as a separate input channel. Additionally, this thesis pro-
poses the modification of the Dice Score Coefficient (DSC) metric, toler-
ant Dice Score Coefficient,DSC� . This metric is designed to account for
a high inter-observer variability which is present in the ground truth of
PCa lesion segmentations. The empirical comparison of DSC and the
novel metric shows that DSC� consistently yields higher scores than
the conventional DSC, indicating that the proposed metric accounts for
tolerable boundary discrepancies. The dataset used for the empirical
experiments on the prostate cancer segmentation was provided by the
National Cancer Institute and is not publicly available.
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ACRONYMS AND ABBREVIATIONS

DSC� tolerant Dice Score Coefficient.
ADC Apparent Diffusion Coefficient.
AUROC Area Under the ROC curve.
CNN Convolutional Neural Network.
CT Computer Tomography.
DCE Dynamic Contrast-Enhanced.
DL Deep Learning.
DNN Deep Neural Network.
DSC Dice Score Coefficient.
DWI Diffusion-Weighted Imaging.
ENET Efficient Neural Network.
ERFNet Efficient Residual Factorized convolution Net-

work.
FP False Positive.
FROC Free-Response ROC.
GS Gleason Score.
MAD Median Absolute Deviation.
mpMRI multi-parametric Magnetic Resonance Imag-

ing.
MRI Magnetic Resonance Imaging.
nnU-Net no-new U-Net.
NVI National Cancer Institute.
PCa Prostate Cancer.
PI-RADS Prostate Imaging Reporting and Data System.
PSA Prostate Specific Antigen.
PSTZSPZC Prostate Segmentation, Transitional Zone Seg-

mentation, and Peripheral Zone Calculation.
PZ Peripheral Zone.
ReLU Rectified Linear Unit.
ROC Receiver Operating Characteristics.
SE Squeeze-and-Excitation.
SM4TZPZS Separate Models for the Transitional Zone and

Peripheral Zone Segmentation.
SPZTZSM Single Peripheral Zone and Transitional Zone

Segmentation Model.
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std standard deviation.
T2W T2-Weighted Imaging.
TZ Transitional Zone.
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INTRODUCTION

Actuality

Prostate Cancer (PCa) represents one of the most prevalent malignan-
cies worldwide. The most recent comprehensive assessment of the
global cancer burden, reported by Bray et al. [11], analyses data from
2022 encompassing 36 cancer types across 185 countries. According to
this study, PCa is the second most frequently diagnosed cancer among
men globally, accounting for 14:2% of all newly reported male cancer
cases in 2022. It is exceeded only by lung cancer, which constitutes
15:3% of incident cases. In addition to its high incidence, PCa con-
tributes substantially to cancer related mortality. In 2022, it was re-
sponsible for 7:3%of all cancer deaths among men, ranking �fth among
the leading causes of male cancer mortality worldwide. Given its high
prevalence and signi�cant mortality, precise, fast and large scale delin-
eation of malignant lesions are critical.

Recently, multi-parametric Magnetic Resonance Imaging (mpMRI)
has emerged as one of the principal imaging modalities for the detec-
tion and diagnostic assessment of prostate cancer. Among the struc-
tured reporting systems developed to support mpMRI evaluation, one
of the most widely adopted is the Prostate Imaging Reporting and Data
System (PI-RADS). This framework was originally introduced by Bar-
entsz et al. [6] with the aim of standardizing the interpretation and
reporting of mpMRI �ndings within the clinical diagnostic pathway
of PCa, thereby improving consistency, reproducibility, and commu-
nication across radiologists and institutions. Since its introduction, PI-
RADS has evolved into a globally adopted reporting system, providing
a structured and reproducible approach to the interpretation and com-
munication of prostate mpMRI �ndings. The most recent version, PI-
RADS v2.1, was presented by Turkbey et al. [75], re�ning prior recom-
mendations and clarifying sequence speci�c assessment criteria. Im-
portantly, PI-RADS v2.1 speci�es zone dependent assessment criteria
[75], re�ecting the differential diagnostic performance of imaging se-
quences across anatomical regions of the prostate. Evaluation is pri-
marily conducted in the Transitional Zone (TZ) and Peripheral Zone
(PZ), as these regions account for the majority of prostate cancer cases.

Despite the widespread adoption of mpMRI and structured report-
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ing systems, accurate localization and segmentation of PCa lesions re-
main technically demanding, even for experienced radiologists. Seg-
mentation is a task that involves partitioning an image into meaningful
regions by assigning a label to each pixel. The goal of this task is to
identify and delineate objects or structures within an image. Several
studies have highlighted the particular dif�culty of identifying malig-
nant regions within the transitional zone. As reported by Oto et al. [57],
Rosenkrantz et al. [64], and Yu et al. [85], tumours arising in the tran-
sitional zone are frequently challenging to differentiate from benign
prostatic hyperplasia nodules, which may exhibit overlapping imag-
ing characteristics. Rosenkrantz et al. [64] further emphasize that the
intrinsic diffuse background heterogeneity and multinodular architec-
ture of the transitional zone substantially complicate lesion delineation
in this region. Similarly, Yu et al. [85] report that stromal asymmetry
within the transitional zone can mimic malignancy, while chronic pro-
statitis may generate imaging patterns in the peripheral zone that re-
semble cancerous lesions, thereby increasing the risk of false positive
interpretation.

Consequently, there is a clear need for novel, robust, and scal-
able methodologies capable of accurately segmenting and localizing
cancerous regions within the prostate in order to enhance diagnostic
performance. The increasing availability of curated historical imaging
datasets further supports the development of data driven approaches,
particularly those based on Deep Learning (DL). DL techniques have
been extensively applied to a wide range of medical image segmenta-
tion tasks, demonstrating state-of-the-art performance across multiple
imaging modalities. In the context of prostate mpMRI, Deep Neural
Network (DNN) architectures are capable of learning complex, hierar-
chical feature representations directly from volumetric data. Such mod-
els can effectively capture subtle spatial and intensity-based patterns
within mpMRI scans, enabling precise delineation and localization of
prostate cancer lesions.

Research Problem

The mpMRI integrates multiple imaging sequences, each providing com-
plementary anatomical and functional information for the prostate can-
cer evaluation in the speci�c prostate zone. In PI-RADS v2.1, the prin-
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cipal sequences include T2W, Apparent Diffusion Coef�cient (ADC),
Diffusion-Weighted Imaging (DWI) and Dynamic Contrast-Enhanced
(DCE) imaging modalities. DWI and ADC are comprehensively de-
scribed by Baliyan et al. [5]. DWI is directly acquired using an Mag-
netic Resonance Imaging (MRI) scanner, whereas ADC maps are com-
putationally derived from multiple DWI acquisitions obtained at differ-
ent diffusion weightings. Both of these sequences constitute the prin-
cipal modalities for evaluating cancerous lesions in the PZ. The T2W
sequence, detailed by Chavhan et al. [12], provides high resolution
anatomical visualization and is similarly acquired directly from the
scanner. This modality serves as the dominant sequence for lesion as-
sessment in the TZ. DCE imaging, described by Yankeelov and Gore
[83], involves repeated volumetric acquisitions following intravenous
contrast administration to characterize enhancement kinetics over time.
However, according to Bass et al. [7], and Turkbey et al. [75], the con-
tribution of DCE to PCa evaluation, particularly within the PZ, is con-
sidered secondary. Its incremental diagnostic value is limited when
compared to DWI and ADC modalities, and it primarily serves a sup-
portive role rather than acting as a dominant determinant for lesion
assessment. All of these sequences are volumetric and typically exhibit
anisotropic spatial resolution.

Previous studies have investigated prostate cancer segmentation
that employ prostate zonal information, including works such as Du-
ran et al. [25], Hosseinzadeh et al. [33], and Saha et al. [66]. These ap-
proaches have demonstrated that leveraging zonal anatomy can im-
prove cancer segmentation performance. However, existing research
has not explicitly aligned DNN models with the PI-RADS framework,
which provides a clinically established guideline for mpMRI interpre-
tation. In particular, there is a notable gap in the literature regarding DL
methods that integrate zone speci�c mpMRI sequences according to PI-
RADS recommendations. Addressing this gap, the present dissertation
systematically explores the prostate cancer segmentation incorporating
prostate zonal information, with an emphasis on aligning model design
and sequence selection with the PI-RADS framework to enhance both
clinical relevance and segmentation accuracy.

Moreover, prostate cancer segmentation approaches that leverage
prostate zonal information inherently require accurate delineation of

21



the prostate zones themselves. Considerable research has been devoted
to this foundational task, including studies such as Aldoj et al. [2], An-
tonelli et al. [3], and Comelli et al. [19], which have proposed various
DL-based approaches for automated prostate zone segmentation. In
this dissertation, this line of research is further extended and the results
are directly integrated into the primary focus of study, prostate cancer
segmentation. The integration enables zone informed cancer segmen-
tation, aligning the predictions of deep learning approaches with the
anatomical and clinical context provided by the PI-RADS framework,
and aims to improve the precision of the segmentation outcomes.

Finally, the experimental �ndings reported by Chen et al. [16] de-
monstrate that prostate cancer segmentation remains an intrinsically
challenging task. Notably, substantial variability has been observed
even among experienced radiologists, underscoring the subjective com-
plexity of lesion delineation in mpMRI. This pronounced inter-observer
variability directly affects the reliability of reference annotations, thereby
complicating both the training and the objective evaluation of auto-
mated segmentation methods. In response to this limitation, the present
dissertation investigates alternative and more robust evaluation strate-
gies for PCa segmentation.

In summary, this dissertation develops a uni�ed work�ow for au-
tomated prostate cancer segmentation. The framework incorporates a
dedicated prostate zone segmentation component, whose outputs are
subsequently utilized within the PCa segmentation stage to enhance
the accuracy and anatomical consistency of cancerous lesion delineation.
The central component of the work�ow, prostate cancer segmentation,
is evaluated using a strategy speci�cally tailored to the challenges of
this task, including considerations related to lesion heterogeneity and
inter-observer variability. This integrated design ensures methodologi-
cal coherence while maintaining strong clinical relevance.

Research Object

The research object is volumetric mpMRI data used for the segmenta-
tion of prostate cancer lesions. The example of a single slice of each
modality is displayed in Figure 1. The example of the cancerous lesion
segmentation is displayed in Figure 2.
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(a) T2W (b) ADC (c) DWI

Figure 1. Example of a single slice of each multi-parametric magnetic
resonance imaging modality. The modality is speci�ed in each caption
of each image. A slice is a single planar cross-sectional image extracted
from a volumetric image, representing a speci�c spatial plane within
the volume.

Figure 2. Example of the cancerous lesion segmentation mask. The
red volume is a cancerous lesion segmentation mask while transparent
green region is a prostate mask.

Research Aim and Objectives

The aim of this research is to develop and evaluate segmentation ac-
curacy of deep neural network-based ensembles and work�ows for
the prostate anatomical zones and prostate cancer segmentation in the
mpMRI data.

To achieve this aim, the following objectives are set:

1. Conduct a comprehensive literature review of contemporary deep
learning-based approaches for prostate zonal and prostate cancer
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segmentation, with particular attention to the diversity of deep
neural network architectures, data preprocessing strategies, eval-
uation methodologies, and their reported applications in medical
image segmentation.

2. Design deep learning–based ensembles that incorporate prostate
zonal information for prostate cancer segmentation task, and em-
pirically evaluate their segmentation performance to determine
the most accurate ensemble.

3. Propose and investigate DL work�ows for prostate zone segmen-
tation, focusing on empirically comparing deep neural network
architectures and work�ow designs to identify the most effective
approach for accurate zone delineation.

4. Propose an evaluation method for prostate cancer segmentation
that accounts for inter-observer variability in reference annota-
tions, and empirically assess its advantages by benchmarking it
against standard evaluation approaches.

Scienti�c Novelty

This research introduces and systematically evaluates novel contribu-
tions that advance both the prostate cancer segmentation task and the
prostate zonal segmentation task. The main contributions of this work
are as follows:

1. No statistically signi�cant performance differences were observed
between attention-based U-Net variants (single attention U-Net,
grid attention U-Net, multidimensional attention U-Net, and dual-
attention U-Net) and the standard U-Net for prostate zonal seg-
mentation.

2. Identi�cation of the novel two-model, each dedicated to the spe-
ci�c zone, prostate zonal segmentation work�ow as the most ef-
fective among all evaluated work�ows as it yields the strongest
generalization between datasets of different source.

3. Identi�cation of the most effective prostate cancer segmentation
ensemble, consisting of the baseline model and a model trained
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on all mpMRI sequences for cancer segmentation within PZ as it
achieves similar segmentation accuracy as the most accurate en-
semble as well as signi�cantly lower false positive patients than
the aforementioned ensemble.

4. Introduction of a tolerance-based Dice Score Coef�cient for prostate
cancer segmentation that accounts for inter-observer variability
in annotations, yielding higher scores than the conventional Dice
metric by reducing penalties for minor boundary deviations within
a de�ned tolerance.

Statements to be Defended

The following research-based claims are defended in this thesis:

1. Extending the U-Net architecture with the attention-based mech-
anisms does not improve the prostate zone segmentation accu-
racy.

2. Using two separate deep neural network models, each dedicated
to segmenting a speci�c prostate zone, results in a segmentation
accuracy improvement.

3. Prostate cancer segmentation ensembles composed of zone spe-
ci�c DNN models achieve higher segmentation accuracy than a
single PCa segmentation model.

4. Incorporating a tolerance into the Dice Score Coef�cient accounts
for the high inter-observer variability in manual delineation of
prostate cancer lesions.

The structure of the dissertation is presented as follows. The intro-
duction presents the general situation of the prostate cancer segmen-
tation, the relevance of the topic, the aim of the research, the research
problem, the thesis statement and the work�ow diagram of the whole
study. Chapter 1 contains a literature review of the subject area, fo-
cusing on contemporary deep learning-based approaches for prostate
zone and prostate cancer segmentation. Particular emphasis is placed
on methods that integrate prostate zonal information into prostate can-
cer segmentation ensembles. Chapter 2 provides the methodology em-
ployed in this research, including the no-new U-Net approach, which
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is used in the experiments as the basis for all trained models, the pro-
posed prostate zone segmentation work�ows, and DNN architectures
incorporating attention mechanisms. It further details the integration
of these architectures into the no-new U-Net, the proposed prostate
cancer segmentation ensembles, the performance evaluation metrics
used, and the introduction of the tolerance-based Dice Score Coef�-
cient. Chapter 3 describes the research data, data preprocessing and
the setup of the empirical experiment. Chapter 4 reports the results,
and the general conclusions are provided in the �nal section.

The thesis consists of 158 pages, with the summary in Lithuanian
starting from page 136, 27 tables, 29 �gures, and 89 references.

The research process is divided into these main parts: 1. Intro-
duction of the data sources and datasets, including a description of
the imaging modalities and characteristics relevant to prostate zone
and prostate cancer segmentation; 2. Data preprocessing during which
dataset-speci�c transformations and harmonization steps are applied
to ensure compatibility, standardization, and suitability for subsequent
deep neural network training; 3. Model training where deep neural net-
work architectures are developed and trained for use in the proposed
prostate zone segmentation work�ows and prostate cancer segmenta-
tion ensembles; 4. Evaluation involving the assessment of prostate zone
segmentation work�ows and prostate cancer segmentation ensembles
using the Dice Score Coef�cient, with the prostate cancer ensembles ad-
ditionally evaluated using the proposed tolerant Dice Score Coef�cient.
The research work�ow is visualized as the diagram in Figure 3 where
notation are de�ned as follows:

• SM4TZPZS refers to the proposed prostate zone segmentation
work�ow, which employs two separate models each dedicated
to segmenting a speci�c prostate zone.

• PSTZSPZC denotes the proposed prostate zone segmentation work-
�ow that utilizes dedicated prostate and transitional zone seg-
mentation models, with the peripheral zone obtained by subtract-
ing the segmented transitional zone from the segmented prostate
mask.

• TZ model refers to the transitional zone segmentation model,
whereas the PZ model denotes the peripheral zone segmentation
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model.

• Ensemble 1, Ensemble 2, Ensemble 3 and Ensemble 4 denote the
individual proposed prostate cancer segmentation ensembles.

• DSC and DSC� denote the Dice Score Coef�cient and the pro-
posed metric, tolerant Dice Score Coef�cient, respectively.

Figure 3. Research work�ow diagram.
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1. RELATED STUDIES ON THE PROSTATE ZONE AND
PROSTATE CANCER SEGMENTATION APPROACHES

This chapter reviews scienti�c literature on PCa and prostate zone seg-
mentation tasks. In particular it examines various DL approaches to
these tasks. This chapter explores preprocessing steps employed for
both tasks and various DNN architectures. These architectures include
U-Net, dual-attention U-Net, attention U-Net and its variants. The the-
oretical foundation of these approaches together with the practical in-
sights of empirical experiment results is provided in this chapter. More-
over, this section is a literature review on the empirical studies on the
tasks themselves. It explores the limitations and challenges present in
the prostate zone and prostate cancer segmentation task.

1.1. Global Incidence of Prostate Cancer

PCa is one of the most frequent cancers in the world. The most re-
cent study on global cancer statistics is presented by Bray et al. [11].
This paper analyses cancer statistics derived from 2022 data covering
36 types of cancer in 185 countries. This article was published in 2024,
indicating a two year delay in the reporting and dissemination of the
presented data. According to this publication, prostate cancer is the
second most common cancer in men globally. It accounted for 14:2%of
all recorded cancer incidents in males in 2022 and it was only surpassed
by lung cancer which accounted for 15:3% of all recorded cancer cases.
Moreover, PCa accounts for a substantial proportion of cancer related
deaths. It accounted for 7:3%of all cancer related deaths in men in 2022.
Prostate cancer ranked �fth among the deadliest cancers affecting men
worldwide. It was surpassed by lung, liver, colorectal and stomach
cancers, which accounted for 22:7%, 9:6%, 9:2%and 7:9%respectively.

The same trend was observed in the previous study presented by
Sung et al. [74]. This paper provides the statistics calculated on the data
of the same cancer types. The data, on which these statistics are calcu-
lated, was gathered in the same 185 countries. The statistics presented
in the study [74] show that PCa accounted for 14:1% of all recorded
cancer incidents in men in 2020. It once again was surpassed only by
lung cancer which accounted for 21:5% of all recorded cancer cases in
men. The trend in cancer-related deaths seen in 2022 persisted from
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2020. Prostate cancer accounted for6:8% of cancer related deaths in
men. Once again it was surpassed by lung, liver, colorectal and stom-
ach cancers, which accounted for21:5%, 10:5%, 9:3% and 9:1% respec-
tively. The prevalence of this trend, reported in the publication [74],
af�rms the forecast made by Chhikara et al. [17].

Furthermore, Siegel et al. [70] reports the forecasted cancer trends
in the US, 2023. The authors employ the data gathered from 1975 to
2019 in the US. They observed that the number of PCa cases increased
by 3% annually from 2014 through 2019. Thus, the authors of [70] es-
timated that in 2023 there would be approximately 288,300 new cases
of prostate cancer, accounting for 29% of all cancer diagnoses in men
making it the most frequently diagnosed cancer in males in the US in
2023. The authors also projected that PCa would be one of the leading
causes of cancer related mortality in men in the US in 2023, with an es-
timated 34,700 deaths, accounting for 11%of all cancer related deaths
in men. This number is only surpassed by lung and bronchial cancer
which is 67,160 (21%).

The publication [54] provides statistical data on cancer incidence
and mortality in Lithuania. The latest data show that in 2023, 1,942
new cases of prostate cancer were registered, accounting for22% of
all cancer diagnoses in men. Moreover, in 2023, 543 deaths related to
prostate cancer were recorded, accounting for 13%of all cancer related
deaths in men.

However, it has to be noted that prostate cancer incident rate might
be in�ated due to unregulated and opportunistic Prostate Speci�c Anti-
gen (PSA) testing. Vaccarella et al. [77] report the PCa trends in 26 Eu-
ropean countries during 1980–2017. Moreover, they report PSA test-
ing trends for 12 countries, which represent a subset of aforementioned
26 European countries. The authors observed a correlation between
the direction and rate of change in prostate cancer incidence relative to
the prostate speci�c antigen testing. Furthermore, they also note that
across all 26 countries, excluding Croatia, Latvia and several countries
in eastern Europe, there is a visible divergence between incidence and
mortality rates. The reported incidence rate grew during the observed
period, while the mortality rate remained stable. As a result, the stan-
dardised rate ratio between incidence and mortality has almost dou-
bled. These observations strongly suggest that PCa is overdiagnosed

29



and a more reliable diagnosis method is required.
Overall, the evidence strongly suggests that prostate cancer is one

of the most common cancers in men. Therefore, accurate diagnostic ap-
proach at large scale of PCa is essential. Accordingly, the primary objec-
tive of this thesis is to investigate novel computer aided approaches for
prostate cancer segmentation. Speci�cally, this work focuses on the de-
velopment of an automated work�ow that incorporates prostate zonal
information to improve PCa segmentation. In this context, potential ad-
vancements in prostate zone segmentation are also explored alongside
prostate cancer segmentation. This section presents an overview of the
scienti�c literature on DL-based methods for prostate zone segmenta-
tion, as well as approaches that leverage zonal information for prostate
cancer segmentation. Collectively, these studies support the rationale
for investigating a PCa segmentation work�ow that integrates prostate
zonal information.

1.2. Related Studies on the Prostate Cancer Segmentation Task

This section explores various studies conducted on the PCa segmenta-
tion task. A substantial amount of research has already been conducted
on machine learning methods for this task. Consequently, several re-
view articles summarise this body of work, including the review pub-
lished by Cuocolo et al. [21] in 2019. Since then, research on prostate
cancer segmentation has increasingly focused on DL approaches. In
particular, many studies emphasise deep learning-based methods that
incorporate prostate zone information. Lastly, the majority of these
studies rely on the U-Net DNN architecture and its variants. This archi-
tecture, introduced by Ronneberger et al. [63], along with its variants,
remains the state-of-the-art deep neural network architecture for seg-
mentation to this day. As a result, the capabilities of this architecture
and its variants have been widely explored in medical segmentation
tasks.

1.2.1. Prostate Cancer Segmentation Challenges

One of the greatest challenges present in the automation of the PCa
segmentation task is a high inter-observer variability. The research pro-
vided by Chen et al. [16] indicates that even among experienced ra-
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diologists, the manual prostate cancer segmentation contains a lot of
variance. In their study, the authors report the results of the exper-
iment in which they tasked four radiologists, 4 urologists, 4 trainees
and 4 non-clinician segmentation scientists to segment PCa. The partic-
ipants segmented two slices of two different cases. One case contained
a cancerous lesion in the anterior zone and another case in the PZ. The
mpMRI modalities consisted of T2W, ADC and DWI. Moreover, partic-
ipants were required to segment kidney tumours within a single com-
puted tomography scan of a single kidney. The authors of article [16]
report root mean square difference, Dice Score Coef�cient (DSC), Jac-
card index, Matthews correlation coef�cient, speci�city and sensitivity.
The root-mean-square difference is calculated using a point-by-point
comparison method. Each radiologist's segmentation was treated in-
dependently as a separate ground truth. As a result, four scores were
computed for each metric and segmentation result for the participant
who is not a radiologist. Meanwhile, each radiologist's results were
compared with those of the other radiologists.

The authors of the study [16] mainly focuses to the DSC metric.
Overall, the variability among radiologists in prostate cancer segmen-
tation was very high, with a mean DSC of 0.81 for segmentations of the
lesion in the peripheral zone and 0.58 for segmentations of the lesion in
the anterior zone. The variance is especially high relative to the results
of the kidney tumour segmentations, as the mean DSC among radiolo-
gists in the kidney segmentation task was 0.96. Among all participants,
the PCa segmentation results of urologists were the most similar to the
segmentations of the radiologists. They achieved a mean DSC of 0.73
for the segmentations of the lesion located in the PZ and 0.59 for the
segmentations of the lesion located in the anterior zone. The trainees
achieved similar results (mean DSC of 0.7 for the segmentations of the
lesion located in the PZ and 0.54 for the segmentations of the lesion
located in the anterior zone). The segmentations of the non-clinicians
were the least similar (mean DSC of 0.6 for the segmentations of the
lesion located in the PZ and 0.47 for the segmentations of the lesion
located in the anterior zone). Meanwhile, kidney tumour segmenta-
tions of all participants were very similar to the segmentation results of
the radiologists (0.96, 0.95 and 0.95 mean DSC calculated for the seg-
mentations of urologists, trainees and non-clinicians, respectively). In
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conclusion, due to the nature of the prostate cancer segmentation task,
there is a high inter-observer variability present in the datasets of PCa
segmentations.

Furthermore, extensive research on manual PCa segmentation of
mpMRI scans indicates that lesion segmentation is signi�cantly more
dif�cult in the transitional zone than in the peripheral zone. A single
slice example illustrating peripheral and transitional zones is displayed
in Figure 1.1. The research presented in the article by Oto et al. [57] indi-
cates that the diffuse background heterogeneity and multi-modularity
of the TZ complicate the prostate cancer segmentation. This research in-
volved three radiologists independently segmenting PCa lesions within
the TZ for 106 PCa patients. The radiologists segmented each case
multiple times. First, they used only the T2W images. Next, they
added ADC and DWI. After that, they included an additional DWI se-
quence acquired with a different parameter b. The parameter bcharac-
terizes the strength and timing of the gradients employed to generate
DWI. It determines the sensitivity of the image to the diffusion of water
molecules, with higher values resulting in increased diffusion weight-
ing and greater sensitivity to diffusion effects. Finally, they added the
DCE modality to the segmentation process. The results were compared
with the prostatectomy �ndings as a reference standard.

Figure 1.1. Example of the transitional zone (yellow contour) and pe-
ripheral zone (green contour) within a single slice. The anatomical re-
gions are overlaid on a T2W image.

The authors of the research reported in [57] found that segmen-
tation accuracy improved signi�cantly after incorporating DWI ( b =
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1000s=mm2) and ADC modalities. The sensitivity increased by 20:8%,
30:6% and 30:6% for each radiologist, respectively. Meanwhile, the
speci�city changed marginally by 0:3%, 0:8% and � 3:7% for each ra-
diologist, respectively. Furthermore, segmentation accuracy improved
further after adding DWI modality images with a higher b parameter
(b = 2000s=mm2). The sensitivity increased by 19:4%, 8:3% and 6:5%
for each radiologist, respectively. Meanwhile, the speci�city changed
marginally by 0:6%, � 0:2% and � 1:2% for each radiologist, respec-
tively. Lastly, the results indicate that DCE does not signi�cantly im-
prove manual PCa segmentation. The sensitivity changed by 0%, � 8:1%
and 4:8%for each radiologist, respectively, while the speci�city changed
by � 0:7%, 0:4% and � 0:9% for each radiologist, respectively. Overall,
the most performative results were achieved with T2W, ADC and DWI
images with b = 1000s=mm2 and b = 2000s=mm2. However, even
though the authors emphasise that DWI images assist in segmenting
prostate cancer by re�ecting changes in cellularity and providing com-
plementary information for segmentation, the PCa segmentation in the
transitional zone remains challenging.

Furthermore, the research conducted by Rosenkrantz et al. [64] in-
dicates that stromal asymmetry may mimic PCa within the TZ, thereby
making prostate cancer segmentation in this zone particularly challeng-
ing. In contrast, although chronic prostatitis typically occurs in the PZ
and may also resemble cancerous tissue, the resulting ambiguity is gen-
erally less pronounced than in the TZ. In this research, the authors pro-
vide a detailed explanation of these phenomena, along with case stud-
ies as examples.

Lastly, the research presented by Yu et al. [85] provides a literature
review of PCa lesions detected in each prostate zone. The authors re-
viewed the research over the past two decades, summarised the results,
and identi�ed several key issues arising in prostate cancer segmenta-
tion. The results indicate that PCa incidents are more frequent in the
peripheral zone than the transitional zone which further complicates
the collection of a representative dataset of prostate cancer segmenta-
tions in the TZ relative to PCa segmentations in the PZ. Therefore, in
this thesis, we address this issue by proposing a novel metric which
accounts for a high inter-observer variance.
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1.2.2. Deep Learning Approaches for the Prostate Cancer
Segmentation Task Employing Prostate Zonal Information

Extensive research has already explored the use of prostate zonal infor-
mation and deep neural networks for segmenting PCa. One of such
studies is presented by Hosseinzadeh et al. [32], and Hosseinzadeh
et al. [33]. This research demonstrates the advantages of employing
probabilistic prostate zone segmentation within a 2D computer-aided
detection system. Authors in their study [32] report the results of the
experiment in which they trained three DNN models of U-Net archi-
tecture. The �rst model is a simple 2D U-Net which segments lesions.
This model is used as the baseline. The second model is the same 2D U-
Net, with one additional input channel for probabilistic prostate zonal
segmentation. The authors refer to this model as an early fusion model.
The last model is once again 2D U-Net model. The probabilistic zonal
segmentation is incorporated into this model by combining the feature
map with it before the model's last convolutional layer. The authors
of the studies [32, 33] refer to this model as a late fusion model. Ad-
ditionally, the authors report results from the early fusion model and
the late fusion model, both incorporating deterministic prostate zonal
segmentations rather than probabilistic ones.

The dataset used in the study [32] consists of 848 cases. Each case
consists of mpMRI, which includes T2W, ADC and DWI modalities.
The prostate cancer in this dataset is manually segmented by expert ra-
diologists by employing PI-RADS v2. In total, 319 patients have a PCa
region. In this study, all images were resampled and cropped around
the centre. The prostate zones are obtained using a 3D U-Net model
trained on 53 T2W images. This model is taken directly from the ex-
periment reported by Mooij et al. [52]. Lastly, the dataset was split into
training, validation, and test sets by randomly allocating cases in a 3:1:1
ratio via strati�ed sampling. The authors report the average test-set
sensitivity for each deep neural network model.

The results reported by Hosseinzadeh et al. [32] indicate that the
highest mean sensitivity is achieved by an early fusion model with
incorporated probabilistic prostate zonal segmentations. This model
achieved a mean sensitivity of 0.795 at a 0.5 False Positive (FP) rate,
0.887 at 1 and 2 FP rates, averaging to 0.856. Meanwhile, the late fu-
sion model with incorporated probabilistic prostate zonal segmenta-
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tion achieved mean sensitivities of 0.774, 0.873, and 0.873 at 0.5, 1, and
2 FP rates, respectively, averaging to 0.84. The baseline model achieved
the least accurate results, indicating the positive impact of prostate zone
segmentations on PCa segmentation task. This model achieved mean
sensitivity of 0.76 at FP rate of 0.5, 0.825 mean sensitivity at 1 and 2
FP rates with average of 0.803. Moreover, both early and late fusion
models performed better with probabilistic prostate zone segmenta-
tions rather than deterministic ones. The early fusion model achieved
higher mean sensitivity by 2:1%, 8:5%, and 8:5% at FP ratios of 0.5, 1,
and 2, respectively, for an overall improvement in sensitivity of 6:3%.
Meanwhile, the late fusion model achieved higher sensitivity by 5:7%
at 1 and 2 FP ratios, while no improvement was observed at a FP ratio of
0.5, resulting in an overall improvement of 3:8% in sensitivity. Overall,
the early fusion model incorporating probabilistic prostatic zonal in-
formation is the most accurate prostate cancer segmentation approach
among the compared approaches.

The authors further explore the early fusion model and report their
�ndings in their next article [33]. In this follow-up experiment, they
use a much larger dataset which contains patients from two centres.
The Centre 1 (Radboudumc, Nijmegen, The Netherlands) provided a
cohort of 2,438 cases, while the Centre 2 (Ziekenhuis Groep Twente,
Almelo, The Netherlands) supplied a dataset consisting of 296 cases.
This dataset is annotated by two investigators under the supervision
of a radiologist with seven years of experience in mpMRI and prostate
imaging. The annotators used the size and location information pro-
vided in the clinical reports from centres. These reports were compiled
by employing the PI-RADS v2 framework. Additionally, Centre 1 pro-
vided biopsy results in these reports. The authors considered manu-
ally segmented region in cases of dataset provided by Centre 1 as the
ground truth if it scored 4 or above in PI-RADS framework. In total,
898 patients had at least one ground truth region in the dataset pro-
vided by Centre 1, leaving 1,540 cases with no ground truth regions.
Meanwhile, manually segmented regions in cases from the dataset pro-
vided by Centre 2 were considered ground truth if at least one biopsy
within the case satis�ed the condition: GS � 3 + 4 where GS is a Glea-
son Score (GS). The Gleason score is a histopathological grading sys-
tem used to assess the aggressiveness of prostate cancer. This score
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is denoted as the sum of the primary and secondary histological pat-
tern grades observed in the biopsy, each re�ecting the aggressiveness
of the cancer. Out of 296 cases of the dataset provided by Centre 2,
86 patients have at least a single ground truth region, while 210 pa-
tients do not. The prostate zones are acquired by employing the DNN
model developed in the research presented by Riepe et al. [61]. The
authors of the study [33] compare an early-fusion model incorporating
probabilistic prostate zone segmentations with a deep neural network
model that does not employ prostate zonal information. Firstly, they
split the dataset provided by Centre 1 into training, validation and test
sets through random strati�ed sampling. The test set size is 20%of the
whole dataset, the validation set size is 15%of the whole dataset, and
the remaining cases are used in the training set. In the paper [33], the
authors report Receiver Operating Characteristics (ROC) and the Area
Under the ROC curve (AUROC) to compare patient-based accuracy.
Furthermore, the study includes Free-Response ROC (FROC) with sen-
sitivities at 0.5, 1 and 2 FP ratios for lesion-based analysis. Lastly, the
authors used bootstrapping with 2,000 bootstrap samples to determine
statistical signi�cance (con�dence interval is 95% and the signi�cance
level is 0.05).

All collected metrics indicated that incorporating prostate zonal in-
formation into a deep learning approach to solve the PCa segmentation
task improves the solution's accuracy. All statistical tests indicate that
the difference is statistically signi�cant. The incorporation of prostate
zone segmentation into a DNN model resulted in AUROC increase by
2:8%. Furthermore, adding prostate zone segmentation to the model
increased the sensitivity on the dataset supplied by Centre 1 by 6:3%,
4%, and 3:4% at FP ratios of 0.5, 1, and 2, respectively. In conclusion,
the research conducted by Hosseinzadeh et al. [32], and Hosseinzadeh
et al. [33] shows that incorporating prostate zonal information into DL
approaches improves the accuracy of prostate cancer segmentation.

Another study on PCa segmentation using DL and prostate zone
information is presented by Zheng et al. [88]. In this research, a new
DNN architecture, AtPCa-Net, is proposed. In this architecture, the in-
put is mpMRI modalities, a binary mask of the transitional zone and a
binary mask of the peripheral zone. The input is duplicated, with one
copy mirrored along the vertical axis. The architecture itself is an ex-
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tended U-Net. It consists of two encoders and a single decoder. One en-
coder encodes the original input, while the other encodes the mirrored
input. The architecture's output contains two channels. The results of
these channels are used together with the prostate zone segmentations
in the proposed novel loss function. This function is a modi�ed cross-
entropy loss function that is anatomically aware, adjusting the result
based on the prostate zone where the lesion is detected. This design
of the loss function suppresses prediction vector patterns that should
not exist. Additionally, focal loss is incorporated into the proposed loss
function to account for the relatively small volumes of PCa lesions com-
pared to the volume of the scans themselves. The hyperparameters
of U-Net used in the no-new U-Net (nnU-Net) method, proposed by
Isensee et al. [35], are adopted for the hyperparameters of the AtPCa-
net.

The authors empirically compare the novel DNN architecture,
AtPCa-Net, with current state-of-the-art methods such as the nnU-Net
proposed by Isensee et al. [35], SEResU-net proposed by Hu et al. [34],
ResidualU-Net proposed by Bhalerao and Thakur [8], VNet proposed
by Chen et al. [13], Attention U-Net proposed by Oktay et al. [56],
VoxResNet proposed by Chen et al. [14] and UNETR proposed by
Hatamizadeh et al. [30]. The dataset used in the experiment was pro-
vided by the authors' af�liation. It consists of 652 patients, of whom 220
have a prostate cancer lesion in the ground truth, while 432 do not. The
authors of the article [88] used �ve-fold cross-validation to validate and
evaluate the performance of the compared deep learning approaches.
The cases with at least one lesion in the ground truth are distributed
equally across folds.

The authors of the study [88] test the accuracy improvement ach-
ieved by using zonal loss instead of loss used in the nnU-Net method
and using the model of their proposed DNN architecture, AtPCa-Net,
instead of the nnU-Net method. They report that using zonal loss in-
stead of the loss function used in the nnU-Net method improves PCa
segmentation sensitivity at FROC measurements of 0.5, 1, 1.5, 2 and
2.5 FP predictions per patient by 0:8%, 0%, 0:8%, 2:1% and 0:4% re-
spectively. Meanwhile, the AtPCa-net model achieves higher sensitiv-
ity than the nnU-Net method at the same measurements by 1:6%, 0%,
2%, 1:5% and 0% respectively. Lastly, using AtPCa-net with zonal loss
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outperforms the model trained with the nnU-Net method at the same
measurements by 4:1%, 2:1%, 3:6%, 3:3%and 2%respectively.

Moreover, the proposed deep neural network architecture, AtPCa-
Net, achieved more accurate results than all other compared DNN ar-
chitectures. AtPCa-Net achieved higher PCa lesion segmentation sen-
sitivity at 0.5 FP predictions per patient by 8%, 8:1%, 7:7%, 12:2%, 8:1%
and 7:7% than ResidualU-net, VNet, SEResU-net, VoxResNet, Atten-
tion U-Net and UNETR, respectively. Meanwhile, at 1 FP predictions
per patient sensitivity was higher by 7:8%, 6:1%, 5:7%, 9:4%, 4:5% and
4:9% than the same compared DNN architectures. Further, at 1.5 FP
predictions per patient sensitivity was higher by 4:5%, 6:5%, 5:2%, 9:7%,
3:6% and 5:7% than the same compared DNN architectures. At 2 FP
predictions per patient sensitivity was higher by 2:1%, 6:5%, 4:1%, 9:4%,
3:3% and 5:3% than the same compared deep neural network architec-
tures. Lastly, at 2.5 FP predictions per patient sensitivity was higher
by 1:2%, 5:7%, 2:4%, 6:5%, 2:8%and 4%than the same compared DNN
architectures. It is also worth mentioning that the model trained with
the nnU-Net method can be considered the second best DL approach
for prostate cancer segmentation task in this experiment. This model
achieved worse sensitivity than ResidualU-net by 1:2% at 2 FP predic-
tions per patient and by 0:8%at 2.5 FP predictions per patient.

Another research on prostate zonal information incorporation to
DL approach for PCa segmentation is provided by Mehta et al. [48] This
research proposes a general framework for applying a deep learning
approach for prostate cancer segmentation. This framework consists of
prostate zone segmentation, prostate cancer segmentation and report
generation modules.

Prostate zone segmentation and PCa segmentation modules are
ensembles, which were constructed by employing the nnU-Net method.
These ensembles are made by performing k-fold cross-validation. Dur-
ing the inference, the segmentations of the resulting k models are com-
bined into a single probability map. In the experiment described in the
study [48] the number of folds for each ensemble is ten. Each ensemble
consists of DNN models trained with the nnU-Net method with task-
speci�c hyperparameter modi�cations. The input to these models is 2D
tensors with different numbers of channels. The prostate zone segmen-
tation module ensemble is referred to by the authors as Zone-U-Net-E,
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and the models in this ensemble are referred to as Zone-Nets. This
ensemble process segments prostate zones from T2W image slices. The
segmentation output is probability maps of PZ and TZ. Meanwhile, the
prostate cancer segmentation module is the ensemble, CSPCa-U-Net-E,
and the models used by this ensemble are called CSPCa-U-Nets. The
segmentation output of this ensemble is a probability map of PCa le-
sions. The last module is automatic result reporting, which is out of
scope of this thesis.

The authors of the article [48] train the models of their framework
on the publicly available ProstateX challenge of 2017 dataset, which
is described by Litjens et al. [44]. The researchers used 204 cases of
this dataset. Namely, they employed T2W, ADC, DWI, prostate zone
mask and PCa mask of each case. Furthermore, the authors evaluate the
resulting framework on another publicly available PICTURE dataset,
previously reported by Simmons et al. [71], and Simmons et al. [72].
In total of 80 patients within this dataset contain prostate zones. Thus,
the prostate zone segmentation model was evaluated on the dataset of
size 80. Meanwhile, 247 cases were used to evaluate the prostate cancer
segmentation ensemble.

The Zone-U-Net-E achieved mean DSC of 0.75 and 0.8, median
DSC of 0.75 and 0.81 for peripheral zone and transitional zone segmen-
tation respectively on test set. Furthermore, CSPCa-Net-E achieved
mean DSC of 0.46 and median DSC of 0.58 for PCa segmentation on
test set.

Overall, the incorporation of prostate zonal information into prostate
a cancer segmentation task is a highly researched �eld. Thus, in this
thesis we focus on expanding in this direction by proposing novel en-
sembles which employ prostate zonal information in the PCa segmen-
tation task.

1.2.3. Deep Learning Approaches for the Prostate Cancer
Segmentation Task Employing Attention Mechanisms and

Prostate Zonal Information

Since the introduction of the transformer architecture by Vaswani et al.
[78], attention mechanisms, originally proposed by Bahdanau [4], have
been extensively explored across a wide range of DL tasks, including
applications in medical computer vision. In particular, attention-based
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models have demonstrated signi�cant potential in improving perfor-
mance on complex image analysis problems. Accordingly, this section
presents a literature review of PCa segmentation methods that incor-
porate both prostate zonal information and various attention mecha-
nisms.

One of the studies on prostate cancer segmentation, employing
prostate zonal information and U-Net architecture with incorporated
attention mechanism, is presented by Duran et al. [25], and Duran et al.
[26]. The explored U-Net variation in this research employs attention
mechanism introduced by Oktay et al. [56], and Schlemper et al. [69].
This variation consists of one encoder and two consecutive decoders.
The encoder and �rst decoder together comprise a standard U-Net ar-
chitecture. However, the second decoder employs attention mecha-
nism in every upsample block. The gating signal of each attention
mechanism is the output of the �rst decoder while the input signal
comes from the last layer of the corresponding upsample block. The
�rst decoder segments the location within the prostate in which the
second decoder segments the PCa regions. The authors of the papers
[25, 26] refer to this architecture as ProstAttention-Net.

The authors of the study presented in [25] compare their proposed
deep neural network architecture with U-Net architecture. They train
and evaluate the models of compared architectures on the dataset which
is collected and annotated by partner clinical center of authors af�lia-
tion. This dataset consists of 98 patients and two mpMRI modalities –
T2W and ADC. The training and evaluation is performed by employ-
ing �ve-fold cross-validation. Each fold is balanced regarding lesion
classes and the type of MRI scanner. The authors feed these modalities
channel wise to all compared architectures. The annotations include
PZ masks and PCa lesion masks. The PCa lesion masks are multiclass
where each class represents different GS grade. These grades consist of
GS � 9, GS = 8 , GS = 4 + 3 , GS = 3 + 4 and GS = 3 + 3 , totalling
in �ve classes. Thus, the authors of the paper [25] train ProstAttention-
Net and U-Net models to segment PZ and PCa lesions of �ve classes in
the PZ.

The authors of the paper [25] provide prostate cancer detection
sensitivity at 1 and 1.5 FP per patient and Cohen's quadratic weighted
kappa coef�cients for each compared DNN architecture. ProstAttention-
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Net achieved higher PCa detection sensitivity for each GS at each FP
per patient than U-Net except for GS = 8 . Moreover, ProstAttention-
Net achieved higher Cohen's kappa coef�cient by 4%than U-Net. Fur-
thermore, in order to compare their results to the results published by
de Vente et al. [23], the authors also calculate Cohen's kappa coef�cient
for PCa segmentation only by excluding peripheral zone segmentation
results. The authors conclude that ProstAttention-Net is a more pre-
ferred solution than the most accurate model compared by de Vente
et al. [23], SLOR.

In their next study, published in the paper [26], the authors com-
pare ProstAttention-Net architecture with Attention U-Net [56, 69], U-
Net [63], ENet [58] and DeepLabv3+ with XceptionNet as backbone [15]
architectures. In this paper, the authors experiment with a much larger
dataset which consists of 219 cases. The training and evaluation is per-
formed by employing �ve-fold cross-validation with each fold being
balanced regarding lesion classes and the type of MRI scanner. Once
again this dataset consists of T2W and ADC modalities. Meanwhile, the
annotations contain PCa segmentations and prostate region segmenta-
tions instead of the PZ. Additionally, instead of �ve GS classes four
used by merging classesGS � 9 and GS = 8 into a single classGS � 8.
Thus, the authors train the compared models to segment prostate re-
gion and prostate cancer lesions of four classes in the whole prostate
gland.

Duran et al. [26] provide FROC values, namely, mean PCa detec-
tion sensitivities at 1 and 1.5 FP per patient. Furthermore, the authors
provide Cohen's quadratic weighted kappa coef�cients. Both metrics
indicate that ProstAttention-Net achieves the most accurate segmen-
tation results. ProstAttention-Net was only outperformed by ENet at
prostate cancer of classGS = 3 + 3 detection sensitivities where ENet
achieved higher sensitivity by 4% and 6% at 1 and 1.5 FP per patient.
Moreover, they conduct one-sided Wilcoxon signed-rank statistical tests
on collected metrics. The test results on the collected FROC values
showed that there is no signi�cant difference between the results achieved
by ProstAttention-Net and the results achieved by Attention U-Net and
ENet. Furthermore, statistical test conducted on collected Cohen's kappa
coef�cients did not indicate a statistically signi�cant difference between
the compared DNN architectures. Meanwhile, these results indicate
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that there is a statistically signi�cant difference between the FROC val-
ues achieved by ProstAttention-Net and the FROC values achieved by
DeepLabv3+ and U-Net. ProstAttention-Net achieved higher Cohen's
kappa coef�cient by 0:4%, 7:3%, 9:5% and 10% than ENet, Attention
U-Net, U-Net and DeepLabv3+.

Lastly, Duran et al. [26] evaluates ProstAttention-Net on external
dataset PROSTATEx-2, which is publicly available and is described by
Litjens et al. [42]. The authors use the best performing ProstAttention-
Net model acquired by conducting �ve-fold cross-validation. They
compare its achieved Cohen's kappa coef�cient with the Cohen's kappa
coef�cient achieved by the solution provided by De Vente et al. [24].
The authors of the paper [26] observe that their proposed DNN archi-
tecture achieves less accurate results. However, they also acknowledge
that a more reliable comparison is required as De Vente et al. [24] solu-
tion is trained on a different dataset than the ProstAttention-Net model.

Another study on prostate cancer segmentation task, employing
attention mechanisms and prostate zonal information, is published by
Saha et al. [66]. In this paper a novel end-to-end framework is proposed
for PCa detection. This framework uses T2W, ADC and DWI mpMRI
modalities as an input. The output of the framework is PCa segmenta-
tion. The framework itself consists of two parallel DNN models – M1

and M2, followed by a decision fusion node.
The deep neural network model, M2, is a model, which takes patches

of mpMRI scan and assigns score in the interval [0; 1]. This score repre-
sents the probability of the presence of the PCa lesion within the patch.
These scores are later used to reduce the FP of the output of theM1

model in decision fusion node. The authors divide the input of the
framework, mpMRI scan, into eight uniformaly divided patches. The
authors of the study [66] use Convolutional Neural Network (CNN) ar-
chitectures based on residual learning as these DNN architectures are
state-of-the-art classi�cation models in medical domain as supported
by Jiang et al. [37], McKinney et al. [46], and Yoo et al. [84].

The other model, M1 is the principal component of the framework.
This model employs prostate zonal information as a separate channel
in addition to the mpMRI modalities. The authors support this decision
by providing studies on various medical segmentation tasks where the
use of clinical priori in CNN architectures achieved a higher accuracy.
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Figure 1.2. Schematics of the Squeeze-and-Excitation residual block.

These studies include Dalca et al. [22], Gibson et al. [28], and Wachinger
et al. [80]. The prostate zonal information is encoded into a probabilistic
population prior as introduced by the authors in their previous work
[65].

The DNN architecture of M1 model is dual-attention U-Net. In-
stead of being a variation of U-Net itself, this architecture is a variation
of the UNet++ architecture, which was introduced by Zhou et al. [89].
Dual-attention U-Net uses the grid attention mechanism proposed by
Oktay et al. [56], and Schlemper et al. [69]. In addition, dual-attention
U-Net utilizes the Squeeze-and-Excitation (SE) residual blocks. This
block is visualized in the schematics of Figure 1.2.

The SE residual block consists of the following components:

• Bottleneck represented by block Bottleneck in Figure 1.2.
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• Pre-activation residual backbone proposed by He et al. [31]. This
component is represented by Residualbackboneblock in Figure 1.2.

• Channel-wise attention mechanism, SE, proposed by Hu et al.
[34]. This component of the SE residual block is represented by
blocks Squeezeand Excitation .

• Output component which is represented by block Output in Fig-
ure 1.2.

The authors of the paper [66] compare their proposed framework
with Attention U-Net [56], nnU-Net [35], SEResU-net [34] and UNet++
[89] architectures on two different test sets. In their experiment they
employ a dataset provided by the Radboud University Medical Centre
which consists of 2436 cases. The authors split this dataset to train, val-
idation and test sets each consisting of 65%, 15%and 20%of the whole
dataset respectively via double-strati�ed sampling preserving the same
class balance. They report the results acquired only on the test set and
refer to it as TS1. The other dataset is provided by Ziekenhuisgroep
Twente which consists of 296 patients. The authors refer to this dataset
as TS2. Both datasets contain T2W, ADC and DWI mpMRI modalities
together with manual prostate cancer segmentation masks. Lastly, the
prostate zone masks were acquired by employing anisotropic 3D U-Net
model from a separate study presented by Riepe et al. [61].

The authors of the study [66] report the highest achieved sensi-
tivity and corresponding FP per patient by each compared approach.
They report the results achieved on each test set separately. Based on
the reported results, the authors conclude that the proposed framework
achieved the highest results among all of the compared approaches on
both test sets. Furthermore, the stand-aloneM1 model of dual-attention
U-Net architecture achieved more accurate results than the compared
stand-alone models of the other DNN architectures. Overall, all stand-
alone models employing attention mechanism, dual-attention U-Net
and attention U-Net, achieved more accurate results than the stand-
alone models which do not employ attention U-Net, U-SEResNet, nnU-
Net, UNet++.

Overall, the literature evidence strongly suggests that the use of
attention mechanism in the medical image segmentation tasks can im-
prove the segmentation accuracy of the solutions. In this thesis, we do
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not further investigate the impact of using attention mechanisms for
prostate cancer segmentation, as extensive prior work has already ex-
plored attention-based deep learning approaches for this task. Instead
we inspect the effect of the attention mechanisms on prostate zone seg-
mentation task.

Table 1.1 provides an overview of the reviewed prostate cancer
segmentation methods. The Method column lists the segmentation
methods, Employed Zones indicates whether the method targets the
peripheral zone, transitional zone, or both, With Attention Mechanism
speci�es whether an attention mechanism is used, and Dataset Sources
identi�es the datasets on which each solution was evaluated. This table
shows that nearly all reviewed methods consider both prostate zones.
In addition, attention mechanisms are used in roughly the same num-
ber of methods as those that do not use them. Finally, a systematic
comparison between methods is not feasible because each approach is
evaluated on different datasets.

Table 1.1. Overview of the reviewed prostate cancer segmentation
methods.

Method
Employed

Zones

With
attention

mechanism

Dataset
Sources

Early / late
fusion [32, 33]

Both No Private

AtPCa-Net [88] Both No Private

Autoprostate [48] Both No
ProstateX [44],

PICTURE [71, 72]
ProstAttention-Net
[25, 26]

PZ only Yes
Private,

Prostatex-2 [42]
End-to-end PCa
segmentation
framework [66]

Both Yes Private

45



1.3. Related Studies on the Prostate Zone Segmentation Task

This section inspects various research conducted on the prostate zones
segmentation task. Namely, the segmentation of the PZ, TZ and prostate
region itself.

1.3.1. Prostate Zone Segmentation Challenges

The research by Montagne et al. [51] highlights a signi�cant challenge
posed by the prostate zone segmentation task. This research investi-
gates the data variability in the T2W modality, speci�cally in the TZ and
PZ regions. The research reported in the study [51] consists of seven
radiologists performing manual segmentation of the prostate zones.
These zones included the whole prostate region and the transitional
zone. Meanwhile, the peripheral zone was calculated by subtracting
TZ from the prostate region segmentations. The segmentation is per-
formed on the compiled cohort of 40 patients. The dataset used in
this experiment was provided by Health Data Center of the Assistance
Publique-Hopitaux de Paris.

The authors report DSC, Hausdorff distance and average Haus-
dorff distance. They calculate these metrics by employing pairwise
comparison and comparison with consensus, which is calculated by
employing STAPLE algorithm. The authors of the study, Montagne
et al. [51], focus on the DSC when interpreting the results. They also use
the paired Wilcoxon signed-rank test and the Mann-Whitney U test for
related and independent samples, respectively, to determine whether a
statistically signi�cant difference is present. All statistical tests are two-
sided. The research found out that prostate zone segmentation inter-
observer variability is signi�cant in:

• Extreme parts of the prostate gland. The authors of the paper [51]
report that pairwise comparison yields a mean DSC of 0.90 for
the apex segmentation of the prostate gland and a mean DSC of
0.87 for the base. Meanwhile, the consensus comparison shows
mean DSC of 0.90 for the apex segmentation of the prostate gland
and mean DSC of 0.91 for the base. Considering that the base
is located in the PZ, the inter-observer variability affects the seg-
mentation of this zone more than the TZ.
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• Relatively smaller prostate. The authors use the Spearman cor-
relation coef�cient � to assess the association between prostate
volume and DSC. The p-values are corrected by employing the
Holm-Bonferroni method. The result of this test is � > 0:8 and
p-value < 0.001.

Therefore, this research underscores the importance of incorporat-
ing representative clinical samples that capture morphological varia-
tion into the prostate zone segmentation dataset. In this thesis, we ad-
dress this issue by employing two publicly available datasets in the ex-
periment on the prostate zone segmentation task. Both of these datasets
are described in Section 3.3.

1.3.2. Deep Learning Approaches for the Prostate Zone
Segmentation Task

A substantial amount of research has already been conducted on the
prostate zone segmentation task. As a result, several review articles
cover this research, such as the review published by Gillespie et al.
[29]. In this subsection, we inspect a more recent development on the
prostate zone segmentation task.

Just as the research on prostate cancer segmentation, most of the re-
search on the prostate zone segmentation task investigates U-Net DNN
architecture and its variations.

These studies include the research reported by Comelli et al. [19].
The authors of this paper propose to employ Ef�cient Neural Network
(ENET) or Ef�cient Residual Factorized convolution Network (ERFNet)
DNN architectures for the prostate region segmentation task. These
DNN architectures are proposed by Paszke et al. [58], and Romera et al.
[62], respectively. These architectures are designed to be less complex
than U-Net, as they do not employ skip connections. As a result, the
training of ENET and ERFNet is faster relative to the training of U-
Net. The authors of the article [19] compare the performance of these
architectures with the performance of U-Net by conducting the empir-
ical experiment. The comparison includes both accuracy and segmen-
tation speed. The dataset used for this experiment was provided by
the Radiology Department at the author's af�liation and is not publicly
disclosed. This dataset consists of 85 cases. The cases in this dataset
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consist of mpMRI modality, T2W volumetric image, and a manually
segmented prostate region.

The results of the experiment, reported in the paper [19], show that
ENET and ERFNet achieves slightly lower segmentation accuracy than
U-Net. ENET achieves 0:75% lower mean DSC than U-Net. Mean-
while, ERFNet achieves2:94%lower mean DSC than U-Net. Moreover,
the results of this experiment show that the segmentation of ENET on
the CPU is approximately 6:8 times faster than that of U-Net. Mean-
while, the segmentation of ERFNet on the CPU is � 4:89 times quicker
than the segmentation of U-Net. However, the difference is much lower
when the segmentation is accelerated with the GPU. ERFNet is faster
� 1:5 times than U-Net, while ENET is faster � 1:47 times. Overall, the
authors of the study [19] conclude that, among the compared deep neu-
ral network architectures, ENET is the most preferred architecture for
prostate gland segmentation when GPUs are not available. Otherwise,
U-Net remains the most suitable DNN architecture for the prostate re-
gion segmentation.

Another research is conducted by Aldoj et al. [2]. In this research,
the authors propose the novel DNN architecture, Dense-2 U-Net for
prostate zone segmentation. This architecture is a variant of U-Net
that employs dense blocks rather than a conventional stack of convolu-
tional layers. The authors compare the accuracy of the Dense-2 U-Net
with that of U-Net through an empirical experiment. The empirical
experiment reported by Aldoj et al. [2] is conducted on the publicly
available ProstateX dataset. The cases in this dataset include a single
mpMRI modality, a T2W volumetric image, and transitional and pe-
ripheral zone masks. The prostate mask in the research is calculated by
combining both prostate zones.

The results of the empirical experiments reported by the authors
of the article [2] indicate that the proposed architecture achieves higher
DSC than the classical U-Net. In the prostate region segmentation task,
the experimental results report a 1:6% higher median DSC achieved
by the Dense-2 U-Net than by U-Net. Furthermore, the results of PZ
segmentation task experiment show that the Dense-2 U-Net achieves
higher median DSC than U-Net by 2% percent. Finally, the results re-
ported by the authors show that the Dense-2 U-Net achieves a 2:2%
higher median DSC than U-Net on the TZ segmentation task.

48



Moreover, the article by Antonelli et al. [3] contains the results of
the Decathlon challenge. This challenge focuses on various medical
image segmentation tasks. One of them is prostate zone segmentation.
The organisers of the challenge provide a publicly available dataset.
This dataset consists of 32 cases, each comprising mpMRI modalities,
T2W and ADC volumetric images, and TZ and PZ masks. The most
accurate results of this task are achieved by the method proposed by
Isensee et al. [35]. This method achieves3%higher mean DSC than the
second-place method in transitional zone segmentation and 5% higher
mean DSC in peripheral zone segmentation.

Isensee et al. [35] propose a method for various medical image seg-
mentation tasks – nnU-Net. Since then, this method has been widely
employed in experiments on various medical segmentation tasks such
as the once presented by Akinci D'Antonoli et al. [1], Jucevi�cius et al.
[40], Ma et al. [45], Wasserthal et al. [81], and Zhang et al. [87].

Furthermore, the prostate gland segmentation performance of the
nnU-Net method was compared with U-Net and its variants by Bhandary
et al. [9]. The U-Net variants consist of Attention U-Net, V-Net pro-
posed by Milletari et al. [50], SegResNet proposed by Myronenko [53],
and U-Net++. The evaluation was conducted using four datasets: an
internal Computer Tomography (CT) dataset, an internal MRI dataset,
the MSD-Prostate dataset published by Simpson et al. [73], and the
PROMISE12 dataset published by Litjens et al. [43]. The internal CT
dataset was collected from three medical centres: the Medical Center
– University of Freiburg, the Hannover Medical School, and the Af-
�liated Drum Tower Hospital of Nanjing University Medical School.
Data collected from the Af�liated Drum Tower Hospital of Nanjing
University Medical School were designated as the independent test
set, whereas data obtained from all the remaining participating cen-
tres were used for model training. Manual prostate delineations for
all patients were performed by two experts from the Medical Center
– University of Freiburg. The internal MRI dataset was also acquired
at the Medical Center – University of Freiburg, where prostate delin-
eation was performed by experienced physicians. For all experiments
involving MRI data, only the T2W modality was utilised. The internal
CT, internal MRI, MSD-Prostate, and PROMISE12 datasets contained
184, 209, 32, and 50 cases, respectively. The internal CT training cohort

49



comprised 135 cases, whereas an independent test cohort consisted of
49 cases. Furthermore, the performance of the DNN models on the re-
maining datasets was evaluated using a �ve-fold cross-validation strat-
egy.

The segmentation performance of each model was assessed using
the DSC. Across all evaluated datasets, the nnU-Net achieved the high-
est DSC values. Compared with the second-best performing model, At-
tention U-Net, the nnU-Net improved the DSC by approximately 0:4%,
0:2%, 0:3%, and 1:0% on the internal CT, internal MRI, MSD-Prostate,
and PROMISE12 datasets, respectively. However, statistical analysis
indicated that these improvements were not statistically signi�cant for
most datasets, with the exception of the PROMISE12 dataset, where the
performance difference was reported as statistically signi�cant.

Given its prevalence, we use this method to further develop prostate
zone segmentation and PCa segmentation solutions. This method con-
sists of data preprocessing, DNN model with the U-Net architecture,
adapted for volumetric imaging, post-processing and training proce-
dure. Each component of the method is described in detail in Chapter
2.

In conclusion, extensive research has already been conducted on
prostate zone segmentation using U-Net architecture and its variants.
We further expand this direction in this thesis by proposing to employ
other U-Net variations and proposing novel work�ows for the prostate
segmentation task.

1.4. Summary of the Chapter

This chapter reviews literature on deep learning approaches for PCa
and prostate zone segmentation tasks, with a particular emphasis on
DL approaches, the role of prostate zonal information, and the use of
attention mechanisms. Collectively, the reviewed studies demonstrate
that both tasks remain challenging due to substantial inter-observer
variability, anatomical complexity, and dataset heterogeneity, yet they
also show consistent progress driven by advances in deep neural net-
work architectures and learning strategies.

In the context of PCa segmentation, the literature consistently re-
ports high inter-observer variability particularly for lesions located in
the transitional zone. The dominant DNN architecture in the prostate
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cancer segmentation research is U-Net and its variants. Furthermore,
mpMRI, especially the combination of T2W, ADC, and DWI, has been
shown to be essential for improving lesion delineation, yet intrinsic am-
biguity in lesion boundaries persists. Numerous studies demonstrate
that incorporating prostate zonal information as an additional input
channel, via a probabilistic prior, or through anatomically informed
loss functions signi�cantly improves lesion detection and segmenta-
tion performance. These improvements are observed across different
datasets, evaluation protocols, and learning paradigms, underscoring
the clinical relevance of prostate zonal information for PCa segmenta-
tion.

Moreover, recent work integrating attention mechanisms with pros-
tate zonal information suggests further gains in segmentation accuracy
by enabling models to focus on anatomically and diagnostically rele-
vant regions. While these approaches often outperform classical U-Net
baselines, the literature also indicates diminishing returns and increas-
ing model complexity, motivating careful consideration of trade off be-
tween accuracy and computational cost.

In the context of prostate zone segmentation, the reviewed litera-
ture highlights a high morphological variation in the apex and base of
the prostate and in smaller prostate glands. Just as in prostate cancer
segmentation, U-Net and its variants have emerged as the dominant
and most effective DNN architectures for prostate zone segmentation.
Incremental DNN architectural modi�cations, such as dense connec-
tions or task adaptive con�gurations exempli�ed by the nnU-Net, have
been shown to yield measurable improvements in segmentation accu-
racy. Public challenges and benchmarks further con�rm that carefully
designed preprocessing, training, and post processing pipelines often
contribute as much to performance gains as DNN architectural nov-
elty. These �ndings motivate the use of multiple datasets and robust
evaluation strategies to ensure generalizability, a direction adopted in
this thesis.

Unfortunately, a direct validation and cross comparison of the re-
sults reported across the reviewed studies is not feasible, as each ex-
periment was conducted using a different dataset. For instance, the
study published by Isensee et al. [35] employed the Decathlon dataset,
whereas the work presented by Mehta et al. [48] utilised the ProstateX
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and PICTURE datasets. Similarly, the study by Duran et al. [26] was
conducted using the ProstateX-2 dataset, while Aldoj et al. [2] evalu-
ated their approach on the ProstateX dataset. Furthermore, the ma-
jority of these studies rely on datasets that are not publicly accessible,
which limits reproducibility and hinders independent veri�cation of
their �ndings. These studies include [19, 25, 26, 32, 33, 66, 88].

In summary, existing research establishes U-Net and its variations
as strong baselines for both prostate cancer and prostate zone segmen-
tation. The evidence clearly supports the inclusion of prostate zonal
information to improve PCa segmentation accuracy. Moreover, the con-
sistently observed improvement in segmentation accuracy achieved
through the incorporation of attention mechanisms in the PCa segmen-
tation task suggests a promising research direction for prostate zone
segmentation, namely the integration of attention-based U-Net varia-
tions. Building on these insights, this thesis extends prior work by ex-
ploring alternative attention-based U-Net variations and novel work-
�ow designs for advancements in the prostate zone segmentation task
as well as novel ensembles and evaluation metrics that explicitly ac-
count for inter-observer variability for advancements in prostate cancer
segmentation task.
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2. METHODOLOGY

This chapter describes proposed novel approaches for prostate cancer
and the prostate zone segmentation task as well as employed evalua-
tion methods in the thesis. The key innovations of this research are:

• Four novel ensembles for the PCa segmentation task.

• Novel work�ows for prostate zone segmentation: Separate Mod-
els for the Transitional Zone and Peripheral Zone Segmentation
(SM4TZPZS) and Prostate Segmentation, Transitional Zone Seg-
mentation, and Peripheral Zone Calculation (PSTZSPZC). The re-
sult of the prostate zone segmentation is used to improve the so-
lutions of the PCa segmentation task.

• A method to incorporate the attention mechanism into the nnU-
Net method. This incorporation consists of several deep neural
network architectures, which employ attention mechanism, into
the nnU-Net: grid attention U-Net, single attention U-Net, mul-
tidimensional attention U-Net and dual-Attention U-Net. This
modi�cation of the nnU-Net method is inspected on the prostate
zone segmentation task.

• A novel metric, tolerant Dice Score Coef�cient ( DSC� ) to evaluate
PCa segmentation results. This metric is a modi�ed DSC. The
modi�cation introduces tolerance in order to address a high inter-
observer variability among radiologists.

These methods were presented in the main papers by Vaitulevi�cius
et al. [A.1], [A.2] and [B.4]. Additionally, this chapter describes the
nnU-Net method in detail as this method is widely explored through-
out our research.

2.1. No-new U-Net Method

As mentioned in Chapter 1, the no-new U-Net method consists of data
preprocessing, deep neural network model with the U-Net architecture,
adapted for volumetric imaging, post processing and training proce-
dure. Each of these components are described in detail in this sec-
tion. As an input the nnU-Net method takes volumetric images to seg-
ment and optional masks of regions, in which segmentation needs to
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be performed. Each image within the input is provided to the model in
smaller patches. During training the label masks are supplied as well.
The output is a volumetric multiclass image. The number of classes is
supplied during training. Furthermore, the nnU-Net method contains
prede�ned parameters, heuristic rules and blueprint parameters. In ad-
dition, this method employs parameters derived from the training set,
data �ngerprints. Both prede�ned and derived parameters are used
within the work�ow of the nnU-Net method, which is visualized in
Figure 2.1. The use of derived and prede�ned parameters is explained
in this section.

Figure 2.1. The work�ow the of the no-new U-Net method.

The preprocessing consists of cropping, resampling and normal-
ization steps. Firstly, the volumetric images are cropped to the non-zero
values of the region masks, if the masks were provided. Secondly, the
volumetric images are resampled. Almost any medical volumetric im-
age contains voxel spacing information and most medical images are
anisotropic. However, this information cannot simply be provided to
the U-Net model. Thus, the anisotropic volumetric images are resam-
pled to the median voxel spacing of the whole dataset, which is one of
the dataset �ngerprint parameters. The third order spline interpolation
is used for images themselves, while the nearest neighbour interpola-
tion is used for the label masks.
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The novel label mask resampling algorithm is proposed by Juce-
vi�cius et al. [39]. In the follow up research Jucevi�cius et al. [40] inves-
tigate the impact of the novel label mask resampling algorithm on the
prostate cancer segmentation with the nnU-Net method. In their ex-
periment, the authors train several PCa segmentation models by em-
ploying the nnU-Net method with different the nnU-Net method con-
�gurations. Namely, they inspect the results by employing planar and
volumetric images. They inspect the impact of the proposed resam-
pling algorithm by training and evaluating the models with data pre-
processed with the aforementioned algorithm and the raw data. They
refer to the images preprocessed with the proposed resampling algo-
rithm as isotropic, while the raw images are referred to as anisotropic.
Isotropic input images performed better than anisotropic on both con-
�gurations, planar and volumetric images. On planar images isotropic
images achieved 5:54% higher mean DSC than anisotropic ones and
on volumetric images isotropic images achieved 18:07% higher mean
DSC. Thus, in this thesis we employ this preprocessing step in all of
our models trained with the nnU-Net method.

The last preprocessing step is normalization, which is a simple z-
score normalization applied to each patient individually. The normal-
ization step of the nnU-Net preprocessing differs for computer tomog-
raphy scans. However, as it is out of scope of our research, we do not
provide a detailed explanation for it.

The core component of the nnU-Net method is the training of the
U-Net model. In their paper [35], the authors provide empirical evi-
dence across several medical image segmentation tasks showing that
planar images are segmented more accurately than volumetric images
when the ratio between the maximum and minimum voxel spacing
across all axes exceeds three. Hence, the nnU-Net method infers which
images should be segmented by employing the aforementioned heuris-
tic rule and the dataset �ngerprint – voxel spacing. In our research
we omit this rule and use volumetric images as label mask resampling,
proposed by Jucevi�cius et al. [39], together with third order spline inter-
polation transform anisotropic images into isotropic ones. Thus, none
of the volumetric images within our dataset have a ratio between the
maximum and minimum voxel spacing across all axes that is greater
than three.
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Moreover, the no-new U-Net method additionally trains a volu-
metric U-Net Cascade if resampled images are four times larger than
the patch size with a batch size of two. This heuristic rule addresses
high computational resource requirement for the large images. The
authors of the study [35] determined that this rule does not apply for
prostate images as they are not large enough. Thus, in our research
we exclude this heuristic rule as well and do not provide a detailed ex-
planation of a volumetric U-Net Cascade con�guration of the nnU-Net
method.

Furthermore, the nnU-Net infers the batch size, SB , and patch size,
(xp; yp; zp), from the training set. It employs the following heuristic
rule: the nnU-Net adjusts the aspect ratio of the patch volume to the
median number of voxels. If the median number of voxels of the images
within the dataset is smaller than 1283 voxels then the median shape is
used as the patch size. Otherwise, the patch shape is128� 128� 128.
The batch size is calculated with the following equation:

SB =
2 � 1283

xp � yp � zp
(2.1)

The nnU-Net method contains the following blueprint parame-
ters: the hyperparameters of the U-Net model, loss function, the train-
ing schedule and data augmentation. The hyperparameter tuning of
the U-Net were performed in the research presented in the paper [35]
and validated by performing �ve-fold cross-validation. The hyperpa-
rameters were selected manually based on prior empirical experience
obtained from a range of medical image segmentation tasks. The re-
sulting DNN architecture and training con�guration were designed to
be broadly applicable to medical image segmentation problems, rather
than optimized for any single speci�c task. Moreover, the authors sub-
stituted the Recti�ed Linear Unit (ReLU) used in the original U-Net
with Leaky ReLU whose negative slope is 0:01. The resulting topology
of the trained U-Net model is displayed in Figure 2.2 where nk repre-
sents number of convolution kernels, s - stride and kernel size. ConvT

stands for transposed convolution. The Upsample(nk ) and
Downsample(nk ) blocks are presented in Figure 2.3. The loss function
is the sum of inverted DSC and cross-entropy loss. The training sched-
ule uses stochastic gradient descent optimizer with an initial learning
rate of 1 � 10� 2 and Nesterov momentum ( � = 0 :99). The learning rate
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is updated at the start of every epoch according to a polynomial decay
schedule, de�ned in Equation 2.2. In this formulation, lr 0 denotes the
initial learning rate, e represents the current epoch,E the total number
of training epochs, and lr e the learning rate computed for epoch e.

lr e = lr 0 � (1 �
e
E

)exp (2.2)

Figure 2.2. U-Net architecture with hyperparameters used in the no-
new U-Net method.

Figure 2.3. The upsample and downsample block used in the no new
U-Net where nk is the number of kernels within convolution layers.
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The training is stopped if an exponential moving average of the
training losses did not improve by at least 5 � 10� 3 within the last 60
epochs, but not before the learning rate becomes smaller than10� 6. The
maximum number of epochs is 1,000. Furthermore, training employs
deep supervision. Deep supervision is a training strategy where loss
function is applied to intermediate layers in addition to the �nal out-
put layer. This encourages earlier network representations to be more
discriminative and can improve gradient �ow, convergence speed, and
overall segmentation performance. The data augmentation consists
of random rotations, random scaling, Gaussian noise, Gaussian blur,
gamma correction augmentation and mirroring. Lastly, nnU-Net en-
forces that at least a third of the samples within each batch would con-
tain at least one randomly chosen foreground class.

The post processing of nnU-Net is a single step. A connected com-
ponent analysis is performed on the ground truth of the training set.
All classes, that are contained within a single connected component
in every patient, are considered to exhibit the same behaviour in the
whole population. Thus, only the largest connected component is kept
for these classes within the predictions.

Lastly, as mentioned before, two models are trained with differ-
ent con�gurations, planar and volumetric U-Net models, as well as op-
tional volumetric U-Net Cascade. The original nnU-Net method creates
ensembles of pairs of these models. As in our research we only inspect
volumetric U-Net con�guration, these ensembles are not investigated.
Instead, in this thesis we propose novel work�ows for prostate zone
segmentation and novel ensembles for prostate cancer segmentation.

2.2. Compared Prostate Cancer Segmentation Ensembles and
Baseline Model

We propose four novel ensembles. All ensembles utilize deep neural
network models trained with the no-new U-Net method. The data
preprocessing and training of all models are performed independently
from one another. These models are:PCaseg(T2W � TZ), PCaseg(All �
TZ), PCaseg((ADC; DWI ) � PZ), PCaseg(All � PZ) and
PCaseg((All; Zones ) � prostate). The difference between them lies in
the inputs and the region in which it segments cancerous region. To
segment prostate cancer within a speci�c anatomical region, a prostate
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zone mask is applied to the input of the deep neural network. Voxels
that do not overlap with the mask are set to zero, thereby restricting the
network's focus to the region of interest. This masking strategy is an in-
tegral component of the nnU-Net method and was therefore adopted in
this work, rather than alternative approaches such as soft masking. The
following DNN models are trained for use within the proposed ensem-
bles:

• PCaseg(T2W � TZ) model's input is only T2W modality. The
transitional zone mask is applied on the input by setting all voxels
outside the mask to zero. Thus, this model segments prostate
cancer only in the TZ region.

• PCaseg((ADC; DWI ) � PZ) model's input are ADC and DWI
modalities. The modalities are provided channel-wise as a model's
input. This model segments PCa only in the peripheral zone.

• PCaseg(All � TZ) model's input are all modalities. The voxels of
the input of this model are set to zero if they do not overlap with
the TZ mask.

• PCaseg(All � PZ) model's input are all modalities as well. This
model segments PCa only in the PZ region.

• PCaseg((All; Zones ) � prostate) model's input are all modalities
as well as prostate zone masks as separate channel of the model's
input. Therefore, the input tensor of this model has these chan-
nels: T2W, ADC, DWI and prostate zones. In our research the
prostate zones masks contain values of 1, which represent PZ,
and 2, which represent TZ region. The voxels of the input of
PCaseg((All; Zones ) � prostate) model are set to zero if they do
not overlap with the prostate gland mask. This mask is a disjunc-
tion of both prostate zone masks. Currently, PCaseg((All; Zones )�
prostate) model is used as a state-of-the-art method to employ
prostate zone information in prostate cancer segmentation task.
This model is used many experiments such as the ones presented
in the papers [32, 48, 66]. Thus,PCaseg((All; Zones ) � prostate)
model is the baseline model of our research.
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The �rst proposed and compared ensemble is denoted as Ensemble
1. Different mpMRI modalities vary in their effectiveness at detecting
prostate cancer within speci�c prostate zones. The main modality used
for PCa segmentation in the transitional zone is T2W. Meanwhile, the
principal modalities for PCa segmentation in peripheral zone are ADC
and DWI. Thus, the result of Ensemble 1 is a disjunction of the results
of the PCaseg(T2W � TZ) and PCaseg((ADC; DWI ) � PZ) models. In
other words Ensemble1 = PCaseg(T2W � TZ)_PCaseg((ADC; DWI )�
PZ). The work�ow of this ensemble is visualized in Figure 2.4.

Figure 2.4. Ensemble 1 work�ow diagram.

Although radiologists tend to prioritize mpMRI modalities that
are most informative for a given prostate zone, all modalities are ulti-
mately reviewed for each zone, thereby maximizing their con�dence in
the segmentation. Thus, the second proposed ensemble is the disjunc-
tion of the results of PCaseg(All � TZ) model and PCaseg(All � PZ)
model. Formally, Ensemble2 = PCaseg(All � TZ) _ PCaseg(All � PZ).
This ensemble is denoted as Ensemble 2 and its work�ow is provided
in Figure 2.5. However, Ensemble 2 is more computationally demand-
ing than Ensemble 1 as the input of the models used by Ensemble 2
is larger than the ones used by Ensemble 2. Firstly, PCaseg(All � TZ)
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