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Abstract: Prostate cancer (PCa) is one of the most common tumors diagnosed in men
worldwide, with approximately 1.7 million new cases expected by 2030. Most cancerous
lesions in PCa are located in the peripheral zone (PZ); therefore, accurate identification of the
location of the lesion is essential for effective diagnosis and treatment. Zonal segmentation
in magnetic resonance imaging (MRI) scans is critical and plays a key role in pinpointing
cancerous regions and treatment strategies. In this work, we report on the development of
three advanced neural network-based models: one based on ensemble learning, one on
Meta-Net, and one on YOLO-V8. They were tailored for the segmentation of the central
gland (CG) and PZ using a small dataset of 90 MRI scans for training, 25 MRIs for validation,
and 24 scans for testing. The ensemble learning method, combining U-Net-based models
(Attention-Res-U-Net, Vanilla-Net, and V-Net), achieved an IoU of 79.3% and DSC of 88.4%
for CG and an IoU of 54.5% and DSC of 70.5% for PZ on the test set. Meta-Net, used for
the first time in segmentation, demonstrated an IoU of 78% and DSC of 88% for CG, while
YOLO-V8 outperformed both models with an IoU of 80% and DSC of 89% for CG and an
IoU of 58% and DSC of 73% for PZ.

Keywords: prostate zonal segmentation; ensemble learning; Meta-Net; YOLO-V8; U-Net
neural network; magnetic resonance imaging (MRI)

1. Introduction
Prostate cancer (PCa) is one of the most common types of tumors diagnosed in men

worldwide [1]. By 2030, it is predicted that approximately 1.7 million new cases will be
diagnosed globally [2]. PCa originates within the prostate gland, which is categorized
into various functional zones: the central zone (CZ), the peripheral zone (PZ), and the
transitional zone (TZ) [3]. The PZ, which extends posterolaterally from the apex to the base
of the gland, is particularly significant as it is the area most frequently affected by prostate
carcinomas. This prevalence is due to the PZ containing the majority of the prostatic
glandular tissue [4,5]. Prostate cancers that develop in the PZ account for over 70% of all
prostate cancer cases and are associated with worse clinical outcomes compared to those
arising in the TZ [6]. Therefore, precise segmentation of these zones, particularly the PZ, in
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magnetic resonance imaging (MRI) scans is vital for the effective diagnosis and treatment
of prostate cancer [7].

MRI is the primary imaging method for identifying and localizing prostate cancer, as
outlined by the Prostate Imaging Reporting and Data System (PI-RADS) scoring frame-
work. This approach relies on an understanding of the zonal anatomy of the prostate,
which is essential for accurate cancer detection. The PI-RADS scores vary depending on
the regions assessed; diffusion-weighted imaging (DWI) is utilized for lesions in the PZ,
while T2-weighted (T2W) imaging is employed for transitional zones. Additionally, zonal
segmentation is vital for several clinical applications, including consistent evaluation of
prostate volume and prostate-specific antigen (PSA) density, MRI–ultrasound fusion biopsy,
radiotherapy, and focal treatment planning [7].

Prostate zonal segmentation is conventionally carried out manually on T2W images by
delineating the prostate slice by slice. This method is highly time-consuming and laborious,
often resulting in significant inter- and intra-observer variability. The variability arises from
the subjective nature of human interpretation of organ boundaries and the considerable
differences in prostate anatomy and gland intensity heterogeneity among patients [8]. There
is a critical demand for the development of automated techniques to streamline the prostate
segmentation process, ensuring both speed and precision. Moreover, the identification and
staging of prostate cancer on MRI are dependent on precise segmentation of the prostate
zones [9,10].

Automating the zonal segmentation of the prostate presents significant challenges for
several reasons. The prostate gland exhibits considerable morphological variation, intra-
prostatic heterogeneity, and often poor contrast with surrounding tissues, complicating the
delineation of its zonal contours. Additionally, assessing the applicability of these methods
across multiple institutions can be difficult due to substantial technical variability in image
acquisition. Factors such as inconsistent MRI signal intensity, differences in acquisition
protocols, field strength, scanner types, and coil configurations all significantly influence
image characteristics [11].

In this article, we introduce three innovative neural network approaches—ensemble
learning, MetaNet, and YOLO-V8—for effective segmentation of the CG and PZ regions in
T2-weighted MRI scans. The ensemble method leverages the combined strengths of three U-
Net-based models, Attention-Res-U-Net (Att-R-Net), Vanilla-Net, and V-Net, by averaging
their outputs. Notably, our work marks the first implementation of MetaNet, specifically
adapted for segmentation tasks. Additionally, YOLO-V8 demonstrates strong performance,
showcasing significant improvements in its architecture to optimize segmentation accuracy.
This paper aims to advance the state of the art in medical image segmentation.

2. Related Work
This retrospective study [12] compared deep learning methods for prostate segmenta-

tion using 204 patients from the PROSTATEx dataset with 3T T2-weighted images. Manual
segmentations of different prostate zones by four operators served as the basis for training
the U-net, ENet, and ERFNet models. ENet achieved the highest accuracy, with Dice
similarity coefficient scores of 91% for the whole gland, 87% for the TZ, and 71% for the PZ.
U-net and ERFNet showed slightly lower performance. ENet also had the lowest training
and inference times, demonstrating that deep learning can effectively segment the prostate
on T2-weighted images.

In [13], a BASC-Net is designed to automatically segment prostate zones from MRI,
enhancing prostate cancer diagnosis by accurately delineating the PZ and central gland
(CG). Its architecture includes a semantic clustering attention (SCA) module for feature
extraction and attention map creation, along with a boundary-aware contrastive (BAC)
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loss that improves feature similarity within the same zone while distinguishing between
different zones. In evaluations on the NCI-ISBI 2013 Challenge and Prostate158 datasets,
BASC-Net outperformed nine competing methods, achieving Dice similarity coefficients of
79.9% for PZ and 88.6% for CG on the NCI-ISBI dataset and 80.5% for PZ and 89.2% for CG
on Prostate158. These results demonstrate BASC-Net’s potential to improve prostate lesion
detection through more accurate zonal segmentation.

The authors in [14] discuss the creation and assessment of ensemble models aimed at
segmenting prostate zones (the anatomical model) and identifying pathologically suspi-
cious areas (the detection model). A key innovation of this approach is the integration of
pre-training within the standard nnU-Net framework, coupled with a revised loss func-
tion that accounts for the variability in expert annotations. The anatomical segmentation
model demonstrated impressive performance, achieving a Dice score (DSC) of 0.915 for the
prostate gland, 0.865 for the transition zone, and 0.736 for the PZ.

In [15], a 3D U-Net model was developed and tested on data from 223 patients, in-
cluding an internal group of 93 and two external datasets (ETDpub, n = 141 and ETDpri,
n = 59). The model’s performance was evaluated using DSCs, 95th Hausdorff distance
(95HD), and average boundary distance (ABD), and it was compared to a junior radiolo-
gist’s results. The DSCs were 0.909, 0.889, and 0.869 for the CG and 0.844, 0.755, and 0.764
for the transition zone (PZ) across the datasets. The model outperformed the radiologist
in PZ segmentation (DSC of 0.769 vs. 0.706) and volume estimation. Important factors
influencing performance included CG volume and MR vendor. Overall, the 3D U-Net
model demonstrated effective auto-segmentation for prostate anatomy.

A new model called convolution coupled Transformer U-Net (CCT-Unet) has been
developed for prostate segmentation, combining the strengths of Transformer-based models
and convolutional neural networks (CNNs). While Transformers excel at capturing the
global context, they often struggle with small prostate MRI datasets due to local variation
insensitivity. CCT-Unet integrates a convolutional embedding block to maintain edges and
a convolution Transformer block for better local feature extraction. Testing on the ProstateX
and Huashan datasets showed that CCT-Unet outperformed existing methods, with Dice
coefficient scores of 80.39% for the PZ and 87.49% for the transition zone [16].

In [17], a heterogeneous dataset comprising 243 T2-weighted prostate MRI studies from
seven countries, utilizing ten machines from three different vendors, was employed to train
and test a U-Net-based model with deep supervision and cyclical learning rate adjustments.
Two experienced radiologists manually delineated the central gland-transition zone (CZ-TZ),
PZ, and seminal vesicles (SVs) as ground truth. The model’s performance was assessed using
the DSC, with scores above 0.7 deemed accurate. On testing with 120 studies, the model
achieved DSC values of 0.88 ± 0.01 for the prostate gland, 0.85 ± 0.02 for the CZ-TZ, and
0.72 ± 0.02 for both the PZ and SV.

In [18], an automated machine learning model was developed to segment the prostate
gland, PZ, and transition zone (TZ) using MRI. This study involved consecutive men
undergoing prostate MRI and biopsy, with images manually segmented by experienced
radiologists. A novel two-stage Green Learning (GL) model was designed, where the first
stage segments the prostate gland, and the second stage delineates the TZ and PZ. The
project included 119 patients and 19,992 T2-weighted images, with a training dataset of
95 MRIs. The model achieved mean Dice scores of 0.85 for the whole prostate, 0.62 for the
PZ, and 0.81 for the TZ, along with Pearson correlation coefficients of 0.92, 0.62, and 0.93
for volume accuracy, respectively (all p < 0.01). This work demonstrates the effectiveness
of the ML model in automated prostate segmentation and includes a user-friendly web
interface for annotation adjustments.
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Ref. [19] introduced a 2D–3D convolutional neural network ensemble, PPZ-SegNet,
designed to automatically segment the prostate gland and PZ using T2-weighted MRI
sequences. It utilized four public datasets, including Train 1 and Test 1, with the latter
derived from the same cohort, alongside Test 2, Test 3, and Test 4. The anatomical structures
were manually delineated by a radiologist, except for Test 4, which utilized pre-marked
anatomy. The model, constructed through Bayesian hyperparameter optimization and
trained on 150 cases, was evaluated on an independent set of 283 T2W MRI prostate cases
without further tuning. Sourced from the Cancer Imaging Archive (TCIA), segmentation
performance was measured using the Dice similarity coefficient and Hausdorff distance,
with average Dice scores of 0.86, 0.79, 0.81, and 0.62 across the test sets.

A new neural network called Dense U-net was developed for automatic segmentation
of the prostate and its zones, blending concepts from DenseNet and U-net. It was trained
on 141 patient datasets and tested on 47, utilizing axial T2-weighted images. The network
demonstrated effective segmentation capabilities, even with imprecise labels. Compared to
U-net, Dense-2 U-net achieved higher average Dice scores: 92.1% for the whole prostate,
improving upon U-net’s 90.7%, and 78.1% for the PZ [20].

Study [21] introduced a method for segmenting the whole prostate gland (WG), PZ,
and CG using an apparent diffusion coefficient (ADC) and T2-weighted images. The ap-
proach employed two models with two U-Nets each, trained on a dataset of 225 patients.
The results showed high performance on the test dataset, achieving Dice similarity coeffi-
cients of 95.33 for WG, 93.75 for CG, and 86.78 for PZ with T2W images. For ADC images,
the DSC values were 92.09 for WG, 89.89 for CG, and 86.1 for PZ. Table 1 provides an
overview of the results and findings from previous studies on prostate zonal segmentation.

Table 1. The summary of the previous studies for prostate zonal segmentation.

Study Network Dataset CG PZ

[12] ENet PROSTATEx (204 MRIs) DSC: 87% DSC: 71%

[13] BASC-Net
NCI-ISBI 2013 (80 MRIs) DSC: 88.6% DSC: 79.9%

Prostate158 (102 MRIs) DSC: 89.2% DSC: 80.5%

[14] nnU-Net Private dataset (607 MRIs) DSC: 86.5% DSC: 73.6%

[15] 3D U-Net

From 223 patients, including an
internal group of 93, and two external
datasets (ETDpub, n = 141 and ETDpri,

n = 59)

DSC: 86.9% DSC: 76.9%

[16] CCT-Unet ProstateX and Huashan datasets
(240 MRIs) DSC: 87.49% DSC: 80.39%

[17] U-Net-based
model

Inhouse dataset containing
243 T2W DSC: 85% DSC: 72%

[18] A novel two-stage
Green Learning A dataset containing 119 MRIs DSC: 81% DSC: 62%

[19]

A 2D–3D
convolutional

neural network
ensemble

(PPZ-SegNet)

Cancer Imaging Archive
(training: 150 and Test:

283 MRIs)
Not reported DSC: 62%

[20] Dense U-net A dataset containing 141 MRIs Not reported DSC: 78.1%

[21] U-Net
A dataset containing 225 MRIs (T2W) DSC: 93.75% DSC: 86.78%

A dataset containing 225 MRIs (ADC) DSC: 89.89% DSC: 86.1%
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3. Materials and Methods
3.1. Data Acquisition

For this study, the Prostate158 dataset was utilized. The Prostate158 dataset includes
158 annotated multi-parametric 3T prostate MRIs, featuring T2W and diffusion-weighted
(DW) sequences, along with extracted ADC maps. These MRIs were obtained using a
Siemens VIDA and Skyra 3T clinical scanner, adhering to established guidelines and
protocols that included B1 calibration. The T2W sequences had a slice thickness of 3 mm,
no inter-slice gap, and an in-plane resolution of 0.47 × 0.47 mm. The DWI was similarly
captured with a slice thickness of 3 mm and an in-plane resolution of 1.4 × 1.4 mm. ADC
maps were generated using b-values ranging from 50 to 1000 s/mm3, with some up to
1400 s/mm3, utilizing pre-installed scanner software (version VE11A). Following image
acquisition and anonymization, the T2W images and ADC maps were stored on a local
PACS and then moved to an internal server. Segmentation was performed with the open-
source software ITK-Snap (version 3.8.0) by two experienced, board-certified radiologists,
who provided detailed pixel-by-pixel annotations for the CG, PZ, and prostate cancer
(PCa) lesions using the axial T2W sequence [22]. Out of the 158 MRIs, 139 T2W sequences
included zonal masks, and these were the ones we utilized.

3.2. Neural Network Architecture and Training

In this study, we implemented three different approaches for prostate zonal segmen-
tation. The first approach involved using 5-fold cross-validation to train three separate
models: Att-R-Net, Vanilla-Net, and V-Net. As a result of the training process, we devel-
oped a total of 15 distinct models. Subsequently, we employed average ensemble learning
across these 15 models to enhance prostate zonal segmentation accuracy.

The second approach involved leveraging the innovative MetaNet V1 [23] architec-
ture, which had not previously been applied to segmentation tasks. This marks the first
instance of using MetaNet (version 1) for prostate zonal segmentation. In this approach,
we incorporated models from our ensemble learning method and integrated them through
MetaNet. Afterward, we identified the top-performing combination of MetaNet models
based on their performance on the validation set, which we subsequently tested on the test
set. MetaNet’s capacity to enhance model performance through efficient model integration
demonstrates its potential as a valuable tool in medical imaging tasks.

The third approach involved employing YOLOv8 for the detection and segmentation
of prostate zones. YOLOv8, one of the best iterations of the You Only Look Once (YOLO)
family of models, is renowned for its exceptional speed and accuracy in object detection
tasks. It utilizes advanced deep learning techniques to process images in real time, making
it particularly effective for applications in medical imaging. By leveraging YOLOv8, we
aimed to enhance the precision and efficiency of prostate zonal segmentation, facilitating
rapid analysis and potentially improving clinical decision making.

In the subsequent sections, we delve deeper into the specifics of these methodologies
and the architectural design of the developed networks.

3.2.1. Ensemble Learning

Ensemble learning stands out as a robust framework in the field of machine learning,
demonstrating significant benefits across various applications. In essence, an ensemble
consists of multiple individual models that operate concurrently. These models collaborate
by merging their outputs through a specific decision fusion strategy to deliver a unified
solution to a particular problem [24].

The core concept of ensemble learning is founded on the principle that an ensemble’s
generalization capability typically surpasses an individual model’s capability. Over the
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years, researchers have been intrigued by the reasons behind the superiority of ensemble
methods compared to single learners [25]. From a technical perspective, ensemble learning
primarily involves two key processes: training a set of weak component learners and
strategically combining these individual learners to form a more robust overall model [24].
To create an effective final ensemble learner, researchers have developed various selection
strategies to identify the most appropriate component models [26]. In this section, we
provide a concise overview of several common strategies used in ensemble learning:

1. Average: This method calculates the average of outputs from different classifiers,
choosing the class associated with the highest average value. It is typically used when
the output from each classifier is numerical.

2. Weighted Average: Unlike the standard averaging method, this approach assigns
weights to the outputs of individual classifiers based on their importance. These
weights aim to minimize discrepancies between the ensemble’s output and the true
output, often derived from an error correlation matrix.

3. Nash Vote: in this strategy, each classifier assigns a value between zero and one for
each candidate output, contributing to the decision-making process.

4. Dynamically Weighted Average: Here, weights are not static. Instead, they dy-
namically adjust based on the confidence levels of the outputs from the respective
classifiers.

5. Weighted Average with Data-Dependent Weights: this variation in the weighted
average utilizes specific partitions of the input space, calculating different weights for
each partition through methods like the FSL algorithm.

6. Majority Vote: each classifier casts a vote for the class with the highest output, and the
final class is the one that receives the most votes.

7. Winner Takes All (WTA): this approach selects the class with the highest output across
all classifiers as the definitive class.

8. Bayesian Combination: using probabilistic approaches, this method estimates the
belief value that a sample belongs to a particular class.

These strategies offer various ways to enhance the performance of ensemble learners
by effectively combining the outputs of multiple classifiers [27].

Ensemble learning has proven to be a powerful approach that is widely used in seg-
menting anatomical structures from medical images, enhancing the accuracy and robustness
of segmentation models. In this study, we employed average ensemble learning utilizing
three U-Net-based models—Att-R-Net, Vanilla-Net, and V-Net—for prostate anatomical
segmentation. Initially, each network was trained using 5-fold cross-validation, resulting
in a total of 15 models. An average ensemble model was then constructed from these
15 models to predict prostate zones in the validation dataset. Detailed descriptions of these
U-Net-based network architectures are provided in the following sections.

Attention-Res-U-Net (Att-R-Net)

Att-R-Net is an advanced neural network architecture specifically designed for medi-
cal image segmentation tasks. This model synergizes the benefits of residual blocks and
attention gates to enhance segmentation accuracy and robustness. Residual blocks, which
facilitate the training of deep networks by mitigating vanishing gradient issues, and atten-
tion gates, which improve the model’s focus on relevant regions, are integral components
of this architecture. By integrating these sophisticated elements, the Att-R-Net not only
maintains high resolution in feature maps across its layers but also selectively emphasizes
critical anatomical structures while suppressing irrelevant information. This results in more
precise and reliable segmentation outcomes. Comprehensive details on the functioning and
benefits of residual blocks and attention gates are provided in the following:
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Residual Blocks: Researchers have proposed that increasing the depth of neural net-
works can enhance model performance. However, training deeper models often presents
significant challenges, such as the issue of vanishing gradients [28]. To address these chal-
lenges, He et al. [29] introduced a deep residual learning framework that utilizes identity
mapping to facilitate the training of deeper architectures. In parallel, Ronneberger et al.
devised the UNet architecture, which integrates multiple-level features to improve seg-
mentation performance. UNet has become the foundational model for biomedical image
segmentation due to its ability to concatenate low-level features with higher-level ones.
Building on this, Zhang et al. [28] developed ResUNet, a deeper residual U-Net that merges
the strengths of both the deep residual learning strategy and UNet [30]. Incorporating
residual blocks simplifies the training of deeper networks, while the model’s skip con-
nections promote efficient information flow without compromising the neural network’s
architecture. This results in significantly improved performance on semantic segmentation
tasks while also reducing the number of parameters required [28].

Attention Gate: Attention gates are widely used in fields such as natural language
processing, image analysis, and knowledge graphs. They can be categorized into two
types: soft attention and hard attention [31]. Hard attention methods, such as cyclic region
classifiers and pruning, are often non-differentiable and typically rely on reinforcement
learning for parameter adjustment, which complicates the training of networks [32]. In
contrast, soft attention is probabilistic and employs standard backpropagation instead
of Monte Carlo sampling. For instance, additive soft attention is utilized in tasks like
sentence rephrasing and, more recently, in image classification [31]. At the deepest level
of the analysis path, the network achieves the most comprehensive feature representation.
However, the use of cascaded convolutions and nonlinear activation functions can lead
to the loss of spatial information in the high-level output maps [33]. Consequently, this
can make it difficult to reduce false detections for smaller lesions that exhibit significant
variations in size and shape. Figure 1 demonstrates the architecture of our proposed
Att-R-Net.
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Figure 1. The architecture and details of the Att-R-Net neural network, (a) the overall network, and
(b) the architecture of the attention block. The Double Conv contains two convolution layers with
the Relu activation function, and the gating signal contains one convolution layer with the Relu
activation function.

Vanilla-Net

Vanilla-Net stands out with its minimalist approach to neural network architecture.
By forgoing deep layers, shortcuts, and complex operations like self-attention, Vanilla-Net
achieves a balance of simplicity and robustness. Each layer is meticulously optimized for
compactness and simplicity, with nonlinear activation functions removed post-training to
maintain the original structure. This design effectively mitigates the inherent complexity
of traditional networks, making Vanilla-Net a perfect fit for environments with limited
resources. Its straightforward and highly simplified design paves the way for efficient
deployment, without sacrificing performance. Extensive experiments reveal that Vanilla-
Net performs comparably to well-known deep neural networks and vision transformers.
This highlights the power of minimalism in deep learning. The pioneering approach of
Vanilla-Net has the potential to reshape the landscape and challenge conventional models,
setting a new standard for elegant and effective network design [34]. The structure of
Vanilla-Net is illustrated in Figure 2.

The get_crop_shape function in the U-Net architecture is crucial for aligning the
dimensions of feature maps from the encoder and decoder during concatenation in the
upsampling process. It calculates the required cropping sizes by comparing the spatial
dimensions of a target feature map from the encoder and a reference from the decoder.
By addressing width and height differences, the function ensures proper alignment of the
concatenated feature maps, which helps preserve spatial information and enhances the
model’s performance in segmentation tasks [30].

V-Net

V-Net, originally developed for 3D volumetric data segmentation, has shown con-
siderable promise in adapting its architecture for 2D image segmentation tasks. Though
primarily associated with medical imaging, the principles behind V-Net can be effectively
harnessed for segmenting a wide variety of 2D images, especially in scenarios requiring
precise boundary delineation. The architecture of V-Net is inspired by the widely popular
U-Net model, featuring an encoder–decoder structure that incorporates skip connections.
These skip connections play a crucial role in preserving high-resolution features, which are
vital for achieving accurate segmentation results [30]. In its original form, V-Net utilizes 3D
convolutions and is specifically designed for volumetric medical image segmentation [35].
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However, adaptations to 2D convolutional layers make it suitable for traditional image
datasets, allowing V-Net to effectively capture spatial hierarchies in 2D images. The model’s
use of a Dice coefficient-based loss function is particularly advantageous in addressing
class imbalances, such as segmenting tumors or small organs [36].
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Figure 2. The architecture and details of the Vanilla-Net neural network.

Moreover, V-Net’s efficient architecture enables quick training and inference, critical in
real-time applications. This efficiency, combined with its competitive performance, allows
V-Net to handle diverse 2D segmentation tasks, extending its utility to fields like remote
sensing and natural scene understanding. For instance, it can identify land cover types
in satellite imagery or segment objects in autonomous driving scenarios, showcasing its
versatility across various domains. Figure 3 shows the architecture of the suggested V-Net
neural network.

3.2.2. Meta-Net

MetaNet, based on the so called Theory of Independent Judges (TIJ) [37], is applied to
the context of substance use and misuse. In TIJ, each artificial neural network (ANN) acts
as an expert judge for the specific problem it encounters, with its credibility determined
by performance during testing and/or validation. For classification problems (1 of N),
each judge-ANN holds varying credibility for different aspects of the problem, with each
aspect representing one of the N encoded input classes. The credibility of each judge is
implicitly captured in the Confusion Matrix (CM), which details performance during the
testing phase. TIJ proposes that with M judge-ANNs and their respective M Confusion
Matrices, a MetaNet can be developed. This MetaNet takes as input the combined outputs
of all M judges and provides the N classes as output. The weight matrix is created through
an algorithm that processes the judges’ CMs, and signal propagation follows a cooperative
and competitive feed-forward algorithm (Figure 4) [38].
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The purpose of MetaNet’s Weights Matrix is to define the local credibility of each
judge concerning the classification problem. For an ANN to join the MetaNet judges’ pool,
it must provide a performance history (curriculum) related to the same problem.

In this context, the CM comparing correct classification and predicted classification
generated by each ANN during the testing phase serves as a valuable curriculum. The CM
of each judge-ANN will be interpreted as follows below (Figure 5).
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From which:

Class speci f ic precision Ej =
Xjj

Cj

Class speci f ic recall : Si =
Xii

Ri

Bi = 1 − Si =
∑Z+1

i ̸=j Xij − Xii

Ri

Fj = 1 − Ej =
∑Z+1

j ̸=i Xij − Xjj

Cj

Here, Sj represents the class-specific recall for class i (called Successes in [37]), Bj stands
for 1-Si (it is called Failed Blows in [37]), Ej denotes the class-specific precision for class j
(called Correct Eliminations in [37]), and Fj is 1-Ej (it is called False Attributions in [37]).

Beginning with the CM of each judge-ANN, various methods can be employed to
compute the Weights Matrix for MetaNet [37]. The weight matrix employed in this study is
derived from the following formula:

wij = −lgn
Bj.Fi

Sj.Ei

In all previous studies where MetaNet was tested, it was applied exclusively to
classification problems, where each judge-ANN contributed to deciding the final class
from a set of predefined categories. However, in the context of this study, we extend the
application of MetaNet to segmentation tasks, where the challenge is to classify each pixel
independently rather than assigning a single label to the entire input image. This shifts the
problem from global classification to pixel-wise decision making, requiring a more granular
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approach to credibility and performance evaluation. Specifically, the MetaNet used in this
study is MetaBayes.

3.2.3. YOLO-V8 Architecture

YOLO was introduced to the computer vision field in 2015 through a paper by Joseph
Redmon and colleagues titled “You Only Look Once: Unified, Real-Time Object Detec-
tion” [39]. This work revolutionized object detection by framing it as a straightforward
regression problem, transitioning from image pixels to predicting bounding boxes and
class probabilities. The “unified” approach allowed for the simultaneous prediction of
multiple bounding boxes and class probabilities, enhancing speed and accuracy. From
its launch in 2016 until the present year (2024), the YOLO series has rapidly advanced.
Although Joseph Redmon ceased his work on YOLO at version 3 [40], various researchers
have further refined the foundational “unified” concept, culminating in the recent release
of YOLO-v10 [41]. In this research, we implemented YOLO-V8 to segment prostate zones.

YOLO-V8 was launched in January 2023 by Ultralytics, the same team behind YOLO-
v5. While a formal research paper is forthcoming and additional features are being in-
tegrated into the YOLO-v8 repository, preliminary comparisons indicate that this latest
version surpasses its predecessors, establishing itself as the new state of the art in the YOLO
series [42].

YOLO-V8 has achieved state-of-the-art performance by enhancing its model architec-
ture, incorporating both anchor box and anchor-free approaches, and utilizing a wide range
of data augmentation techniques. This version supports various tasks, including object
segmentation, instance segmentation, and image classification, boosting its versatility for
multiple applications. As the latest iteration in the YOLO object segmentation framework,
YOLO-V8 focuses on improving accuracy and efficiency compared to previous versions.
Key enhancements include a refined network design, a novel approach to anchor boxes,
and an updated loss function, all of which contribute to markedly improved segmentation
accuracy [43]. Figure 6 demonstrates the structure and architecture of the YOLO-V8 neural
network.
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3.3. Implementation Details

The current study focuses on developing three distinct methods for segmenting
prostate zones (CG and PZ) using T2-weighted images. A total of 3553 T2-weighted slices
from 139 multi-parametric MRI (mp-MRI) patients were retrieved from the Prostate158
public dataset. For zonal segmentation, the dataset was divided into three folds: a training
set with 2306 slices from 90 patients, a validation set with 637 slices from 25 patients, and a
test set with 610 slices from 24 patients.

To normalize the intensity of MRI images in all approaches, we used a custom ap-
proach based on intensity windowing. First, each image was read using SimpleITK, and we
calculated the mean and standard deviation of the image intensities. The intensity normal-
ization was then performed by adjusting the image values using the computed mean and
standard deviation. Specifically, we set the intensity range to fall between one standard
deviation below the mean and two standard deviations above it, mapping the pixel values
within this range to a 0–255 scale. This normalization technique helped standardize image
intensity across the dataset, making it suitable for further segmentation tasks.

The first approach utilizes an average ensemble of Att-R-Net, Vanilla-Net, and V-Net.
All networks were trained end-to-end with the Adam optimizer, configured with an initial
learning rate of 1 × 10−4, beta_1 at 0.9, beta_2 at 0.999, and epsilon at 1 × 10−8. The training
process used a batch size of 8 and was conducted over a maximum of 300 epochs, with
early stopping applied after 50 epochs if there was no improvement in validation loss. Pixel
intensity was standardized to achieve a zero mean and unit variance. The T2-weighted
images were resized to 144 × 144 pixels, and data augmentation techniques were employed
during training to mitigate overfitting. The neural network’s performance is significantly
influenced by the choice of loss function, as it dictates how the network learns and updates
its parameters based on the gradients with respect to the weights. Therefore, selecting an
appropriate loss function is crucial for guiding the optimization process effectively. For
training our neural networks, we employed a fixed focal loss, defined by the following
formula:

L f ocal

(
ytrue, ypred

)
= −α.(1 − ptrue)

γ. log(ptrue + ϵ)− (1 − α).
(

p f alse

)γ
. log

(
1 − p f alse + ϵ

)
where α is the balancing factor and is set to 0.25, γ is the focusing parameter and is set to
2, and ϵ is a small constant added for numerical stability to avoid taking the logarithm of
zero. In this formula, ytrue is the original mask, and ypred is the predicted mask using our
models. Also, ptrue and p f alse are based on the true labels ytrue:

If ytrue = 1, ptrue=ypred and p f alse = 1 − ypred.
If ytrue = 0, ptrue=1 − ypred and p f alse = ypred.
For YOLO, we used the GitHub repository provided by Ultralytics [45]. We converted

the segmentation masks to the “YOLO format” to perform the training operation, setting a
batch size of 16 using an image size of 256 and using 0.01 as the learning rate. In particular,
we used the YOLO-V8 nano-segmentation version.

4. Results
All models were evaluated using intersection over union (IoU) and the DSC metrics,

which were shown in Equations (1) and (2). In most segmentation studies, network
performance is typically evaluated by calculating metrics across all slices of the test dataset
and then averaging the results. However, in this study, we adopted a different approach
by assessing performance on a patient-by-patient (case-by-case) basis. For each patient,
the metrics were computed individually, reflecting a more clinically relevant evaluation
method. We then calculated the median values along with the first quartile (Q1) and third
quartile (Q3), providing a robust assessment of the model’s performance variability across
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different cases. This method offers a clearer understanding of how the network performs
on a case level rather than on a slice-by-slice basis.

IoU =
|X ∩ Y|
|X ∪ Y| =

TP
TP + FP + FN

(1)

DSC =
2|X ∩ Y|
|X ∪ Y| =

2TP
2TP + FP + FN

(2)

Tables 2 and 3 summarize the results of all 15 models and the average ensemble model
for zonal segmentation on the validation and test sets, respectively. In each table cell, the
first line shows the median and the second row demonstrates the Q1 and Q3 results.

Table 2. The results of 5-fold cross-validation of Att-R-Net, Vanilla-Net, V-Net, and average ensemble
model for zonal segmentation on validation data, (the bolded numbers show the highest results).

Models

Validation Set

CG PZ

IoU DSC IoU DSC

Att-R-Net fold 1 78.4%
(72–81%)

87.9%
(83–89%)

54.5%
(42–66%)

70.5%
(59–79%)

Att-R-Net fold 2 73.2%
(60–77%)

84.5%
(75–87%)

54%
(38–66%)

70.1%
(55–80%)

Att-R-Net fold 3 73.3%
(65–77%)

84.6%
(78–87%)

58.3%
(42–66%)

73.6%
(59–79%)

Att-R-Net fold 4 75.3%
(70–79%)

85.9%
(82–88%)

58.2%
(43–68%)

73.6%
(61–81%)

Att-R-Net fold 5 70.8%
(60–77%)

82.9%
(75–87%)

58.1%
(48–64%)

73.5%
(65–78%)

Vanilla-Net fold 1 78.5%
(75–82%)

87.6%
(85–90%)

55.7%
(48–60%)

71.5%
(65–75%)

Vanilla-Net fold 2 78.3%
(74–81%)

87.8%
(85–89%)

57.9%
(45–61%)

73.3%
(62–76%)

Vanilla-Net fold 3 77.4%
(74–81%)

87.3%
(85–89%)

54.3%
(47–62%)

70.3%
(64–77%)

Vanilla-Net fold 4 79.3%
(74–81%)

88.2%
(85–89%)

56.4%
(51–63%)

72.1%
(68–77%)

Vanilla-Net fold 5 78.5%
(73–81%)

87.9%
(84–89%)

58.4%
(46–62%)

73.8%
(63–77%)

V-Net fold 1 76.7%
(71–81%)

86.8%
(83–90%)

56.1%
(46–65%)

71.9%
(63–79%)

V-Net fold 2 76.2%
(73–80%)

86.3%
(84–89%)

57.3%
(50–62%)

72.9%
(67–77%)

V-Net fold 3 76.9%
(72–81%)

86.9%
(83–89%)

56.7%
(49–66%)

72.3%
(66–79%)

V-Net fold 4 77.7%
(72–81%)

87.4%
(84–90%)

57.3%
(49–64%)

72.8%
(66–78%)

V-Net fold 5 76.8%
(70–79%)

86.9%
(82–88%)

58.6%
(44–62%)

73.9%
(61–76%)

Ensemble 80.4%
(76–83%)

89.1%
(86–90%)

60.6%
(52–69%)

75.5%
(69–82%)



Information 2025, 16, 186 15 of 26

Table 3. The results of 5-fold cross-validation of Att-R-Net, Vanilla-Net, V-Net, and average ensemble
model for zonal segmentation on test data, (the bolded numbers show the highest results).

Models

Test Set

CG PZ

IoU DSC IoU DSC

Att-R-Net fold 1 78.9%
(66–82%)

88.2%
(79–90%)

49.4%
(39–59%)

66.1%
(56–74%)

Att-R-Net fold 2 70.6%
(62–79%)

82.7%
(77–88%)

47.3%
(39–60%)

64.1%
(56–75%)

Att-R-Net fold 3 74.5%
(64–80%)

85.3%
(78–89%)

49.8%
(36–60%)

66.4%
(56–75%)

Att-R-Net fold 4 76.5%
(67–81%)

86.7%
(44–62%)

52.8%
(80–89%)

69.1%
(61–76%)

Att-R-Net fold 5 71.7%
(62–78%)

83.5%
(76–88%)

49.8%
(35–60%)

66.5%
(52–75%)

Vanilla-Net fold 1 77.9%
(67–82%)

87.6%
(80–90%)

52.8%
(44–58%)

69.1%
(61–73%)

Vanilla-Net fold 2 78.6%
(71–83%)

88%
(83–90%)

53.6%
(45–62%)

69.8%
(62–77%)

Vanilla-Net fold 3 78.2%
(69–81%)

87.8%
(82–89%)

50.8%
(43–59%)

67.4%
(60–74%)

Vanilla-Net fold 4 77.5%
(67–83%)

87.3%
(80–90%)

50.1%
(42–58%)

66.7%
(59–73%)

Vanilla-Net fold 5 77.6%
(66–82%)

87.4%
(45–62%)

52.7%
(80–90%)

69%
(62–77%)

V-Net fold 1 75%
(63–81%)

85.7%
(77–89%)

48.2%
(43–59%)

65.1%
(60–74%)

V-Net fold 2 77%
(70–81%)

87%
(82–89%)

50.5%
(41–59%)

67.1%
(59–74%)

V-Net fold 3 75.7%
(67–82%)

86.1%
(80–90%)

48.2%
(39–59%)

65%
(56–74%)

V-Net fold 4 76.7%
(68–80%)

86.8%
(81–89%)

52%
(44–58%)

68.4%
(61–73%)

V-Net fold 5 77.1%
(68–81%)

87%
(81–89%)

50.2%
(45–57%)

66.9%
(62–73%)

Ensemble 79.3%
(72–85%)

88.4%
(83–92%)

54.5%
(46–63%)

70.5%
(63–77%)

Figure 7, which presents a comparison between the segmented masks and the coarsely
annotated labels across several samples of the test set, demonstrates that the ensemble
model effectively captured precise boundaries of the prostate zones.

Tables 4 and 5 present the results of the Meta-Net, which utilizes various combinations
of Att-R-Net, Vanilla-Net, and V-Net for zonal segmentation on both the validation and test
sets. In these tables, Att-R-Net encompasses all models from folds 1 to 5 of the network,
and the same applies to Vanilla-Net and V-Net. Additionally, the notation “Att-R-Net +
Vanilla-Net” indicates the combination of all attention models with Vanilla-Net models,
and similar combinations are represented throughout the tables.
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of the test set. Columns from left to right show images of the original image, original mask, and
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Table 4. The results of Meta-Net using different combinations of U-net-based networks for zonal
segmentation on the validation dataset, (the bolded numbers show the highest results).

Models

Validation Set

CG PZ

IoU DSC IoU DSC

Att-R-Net 75%
(67–79%)

85%
(80–88%)

56%
(51–67%)

72%
(58–80%)

Vanilla-Net 79%
(76–83%)

88%
(86–90%)

58%
(49–63%)

73%
(66–78%)

V-Net 78%
(75–83%)

88%
(86–91%)

57%
(49–64%)

72%
(66–78%)

Att-R-Net +
Vanilla-Net

80%
(74–83%)

89%
(85–90%)

58%
(47–67%)

74%
(64–80%)

Att-R-Net + V-Net 79%
(73–82%)

88%
(85–90%)

56%
(46–67%)

72%
(63–80%)

Vanilla-Net + V-Net 80%
(76–83%)

89%
(87–91%)

58%
(52–65%)

73%
(68–79%)

Att-R-Net +
Vanilla-Net + V-Net

80%
(76–83%)

89%
(86–91%)

58%
(51–67%)

73%
(67–80%)
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Table 5. The results of Meta-Net using different combinations of U-net-based networks for zonal
segmentation on the test dataset, (the bolded numbers show the highest results).

Models

Test Set

CG PZ

IoU DSC IoU DSC

Att-R-Net 74%
(68–82%)

85%
(81–90%)

49%
(42–62%)

65%
(59–77%)

Vanilla-Net 78%
(72–84%)

88%
(84–91%)

54%
(45–62%)

70%
(62–77%)

V-Net 78%
(71–83%)

87%
(83–91%)

52%
(45–60%)

69%
(62–75%)

Att-R-Net +
Vanilla-Net

79%
(72–85%)

88%
(84–92%)

51%
(44–62%)

68%
(61–77%)

Att-R-Net + V-Net 78%
(70–85%)

88%
(82–92%)

51%
(44–62%)

68%
(44–62%)

Vanilla-Net + V-Net 78%
(72–85%)

88%
(84–92%)

54%
(47–62%)

71%
(64–77%)

Att-R-Net +
Vanilla-Net + V-Net

79%
(71–85%)

88%
(83–92%)

53%
(46–62%)

69%
(63–77%)

Figure 8 illustrates some examples of zonal segmentation using Meta-Net (Vanilla-Net
+ V-Net) on the test set.

Information 2025, 16, x FOR PEER REVIEW 18 of 27 
 

 

 

 

 

Figure 8. Segmentation results of the Meta-Net: (left) original image, (middle) ground truth, and 
(right) predicted segmentation mask. 

The outcomes of YOLO-V8 are presented in Tables 6 and 7 for the validation dataset 
and test set. Figure 9 illustrates YOLO’s zonal detection and segmentation performance 
on some examples from the test set. 

Table 6. The results of YOLO-V8 for zonal segmentation on the validation dataset. 

Model 
Validation Set 

CG PZ 
IoU DSC IoU DSC 

YOLO-V8 
81% 
(70–85%) 

91% 
(84–93%) 

60% 
(55–69%) 

74% 
(67–81%) 

Table 7. The results of YOLO-V8 for zonal segmentation on the test dataset. 

Model 
Test Set 

CG PZ 
IoU DSC IoU DSC 

YOLO-V8 80% 
(71–84%) 

89% 
(83–91%) 

58% 
(52–66%) 

73% 
(68–79%) 

Figure 8. Segmentation results of the Meta-Net: (left) original image, (middle) ground truth, and
(right) predicted segmentation mask.



Information 2025, 16, 186 18 of 26

The outcomes of YOLO-V8 are presented in Tables 6 and 7 for the validation dataset
and test set. Figure 9 illustrates YOLO’s zonal detection and segmentation performance on
some examples from the test set.

Table 6. The results of YOLO-V8 for zonal segmentation on the validation dataset.

Model

Validation Set

CG PZ

IoU DSC IoU DSC

YOLO-V8 81%
(70–85%)

91%
(84–93%)

60%
(55–69%)

74%
(67–81%)

Table 7. The results of YOLO-V8 for zonal segmentation on the test dataset.

Model

Test Set

CG PZ

IoU DSC IoU DSC

YOLO-V8 80%
(71–84%)

89%
(83–91%)

58%
(52–66%)

73%
(68–79%)
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truth, and (right) predicted segmentation mask.



Information 2025, 16, 186 19 of 26

Tables 8 and 9 demonstrate the results of three proposed approaches for PZ and CG
segmentation on the validation set and test set, respectively. For Meta-Net, the results of
the best combination (Vanilla-Net + V-Net) are considered as the final results.

Table 8. Comparison of the results obtained from the ensemble model, Meta-Net, and YOLO-V8 for
zonal segmentation on the validation set.

Models

Validation Set

CG PZ

IoU DSC IoU DSC

Ensemble Model 80.4%
(76–83%)

89.1%
(86–90%)

60.6%
(52–69%)

75.5%
(69–82%)

Meta-Net
(Vanilla-Net + V-Net)

80%
(76–83%)

89%
(87–91%)

58%
(52–65%)

73%
(68–79%)

YOLO-V8 81%
(70–85%)

91%
(84–93%)

60%
(55–69%)

74%
(67–81%)

Table 9. Comparison of the results obtained from the ensemble model, Meta-Net, and YOLO-V8 for
zonal segmentation on the test set.

Models

Test Set

CG PZ

IoU DSC IoU DSC

Ensemble Model 79.3%
(72–85%)

88.4%
(83–92%)

54.5%
(46–63%)

70.5%
(63–77%)

Meta-Net
(Vanilla-Net + V-Net)

78%
(72–85%)

88%
(84–92%)

54%
(47–62%)

71%
(64–77%)

YOLO-V8 80%
(71–84%)

89%
(83–91%)

58%
(52–66%)

73%
(68–79%)

The performance of the three models—ensemble model, Meta-Net (Vanilla-Net + V-
Net), and YOLO-V8—was evaluated on both the CG and PZ using IoU and DSC metrics.
In the CG region, YOLO-V8 achieved the best results with an IoU of 80% and DSC of 89%,
followed by the ensemble model with an IoU of 79.3% and DSC of 88.4% and Meta-Net
with an IoU of 78% and DSC of 88%. For the PZ region, YOLO-V8 again outperformed
the other models with an IoU of 58% and DSC of 73%, while the ensemble model and
Meta-Net had comparable results, with IoUs of 54.5% and 54% and DSCs of 70.5% and
71%, respectively. Figure 10 presents a comparative analysis of the IoU and DSC results
obtained from the test set.
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Figure 10. Comparison of the IoU and DSC results obtained from the test set.

5. Discussion
Segmentation of prostate zones, particularly the PZ, plays a vital role in the diagno-

sis and management of prostate cancer. This study explores three state-of-the-art neural
network-based methods—ensemble learning, MetaNet, and YOLO-V8—specifically tai-
lored to overcome the complexities of zonal segmentation in prostate MRI scans from the
Prostate158 dataset. Each approach offers distinct advantages, yet they share a common
aim: to elevate the precision and reliability of segmentation, thereby enhancing clinical
decision making and improving patient outcomes.

The ensemble learning method used in this study, which integrates the strengths of mul-
tiple U-Net-based models, demonstrated effectiveness by averaging the outputs of different
models to enhance the segmentation of both the CG and the PZ. This emphasizes the value of
utilizing diverse models to account for anatomical variations in prostate MRI data.

The use of MetaNet, specifically tailored for segmentation, is a novel approach. Its
strong performance highlights the potential of advanced architectures to manage segmenta-
tion tasks by capturing complex feature relationships in medical images. Although typically
employed for different purposes, MetaNet’s success here suggests opportunities for further
exploration of state-of-the-art neural networks in medical imaging.

YOLO-V8 also showed promising results, highlighting its capability for fast and ac-
curate segmentation. YOLO’s architectural improvements, optimized for segmentation
rather than traditional object detection, provide a flexible solution with potential applica-
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tions across various medical imaging fields. Despite its common use in object detection,
the adaptation of YOLO for zonal segmentation demonstrates its versatility and broad
applicability.

The networks were trained using a dataset of 90 MRIs, with performance evaluated on
a validation set of 25 MRIs and a test set of 24 MRIs. For CG segmentation on the validation
set, the ensemble learning method achieved an IoU of 80.4% and a DSC of 89.1%. For PZ
segmentation, it attained an IoU of 60.6% and a DSC of 75.5%. On the test set, the ensemble
method achieved an IoU of 79.3% and a DSC of 88.4% for CG segmentation and an IoU of
54.5% and DSC of 70.5% for PZ segmentation.

In Meta-Net, various network combinations were evaluated on both the validation
and test sets. Among these, the combination of Vanilla-Net + V-Net demonstrated the best
performance. This configuration achieved an IoU of 80% and 58% for CG segmentation,
along with a DSC of 89% and 73% for PZ segmentation on the validation set. On the test
set, it maintained strong results with an IoU of 78% and 54% for CG segmentation and a
DSC of 88% and 71% for PZ segmentation.

YOLO-V8 achieved an IoU of 81% for CG segmentation and 60% for PZ segmentation
on the validation set, with corresponding DSC values of 91% and 74%. However, on the test
set, its performance significantly improved, achieving an IoU of 80% for CG segmentation
and 58% for PZ segmentation, along with DSC values of 89% and 73%, respectively.

In comparing our work with related studies, it is essential to highlight that our dataset
is smaller than those utilized in the majority of the referenced studies, which inevitably
impacts the performance metrics. Nonetheless, our results demonstrate competitive efficacy
in prostate zone segmentation, marking a significant achievement given the constraints of
our data. For example, ENet achieved impressive DSC scores of 91% for the whole gland,
87% for the TZ, and 71% for the PZ in the study [12]. In contrast, our ensemble learning
method attained a DSC of 89.1% for the CG and 75.5% for the PZ on the validation set,
showcasing particularly strong performance in CG segmentation.

When examining the results of BASC-Net [13], which reported DSC scores of 88.6%
for CG and 79.9% for PZ, it becomes evident that our method closely aligns with CG
performance while slightly lagging in PZ segmentation. This is particularly noteworthy
considering the size and diversity of the datasets used in these studies, suggesting that
our approach is robust and capable of yielding reliable results even with fewer training
samples. Similarly, Meta-Net demonstrated impressive performance with an IoU of 80%
for CG segmentation and a DSC of 89%. This further underscores the competitiveness of
our method, particularly in CG segmentation.

The ensemble model in [14] achieved a DSC of 91.5% for the prostate gland, 86.5% for
the TZ, and 73.6% for the PZ. Our ensemble approach showed comparable performance in
CG segmentation (88.4% DSC) but slightly lower for PZ (70.5% DSC on the test set). The
use of pre-training and a revised loss function in [14] may have contributed to its higher
performance.

A 3D U-Net-based approach in [15] reported DSC values of 90.9% for CG and 84.4% for
the PZ across different datasets. Our methods performed competitively in CG segmentation,
with YOLO-V8 achieving 89% DSC. However, the PZ DSC values in our study remained
slightly lower (maximum of 74%), potentially due to dataset variations and differences in
MRI protocols.

The CCT-U-Net model [16] leveraged Transformers and convolutional networks,
achieving a DSC of 87.49% for the TZ and 80.39% for the PZ. While our CG segmentation
results are in line with these findings, our PZ segmentation scores are slightly lower,
highlighting the advantage of hybrid architectures in capturing complex prostate structures.
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A heterogeneous dataset approach in [17] trained a U-Net-based model across multiple
vendors and scanners, achieving DSC values of 88% for CG, 85% for TZ, and 72% for PZ.
Our models performed similarly for CG but showed a slight drop in PZ segmentation,
which may indicate a need for domain adaptation techniques when dealing with different
scanner variations.

The automated ML approach in [18] obtained a DSC of 81% for TZ and 62% for PZ,
which aligns closely with our PZ segmentation performance. This suggests that our models
are on par with other ML-based approaches, even though our dataset size is smaller.

The PPZ-SegNet model in [19], designed as a 2D–3D ensemble, reported average DSC
scores of 86% for CG and 79% for PZ. Our models demonstrated higher CG segmenta-
tion accuracy but slightly lower PZ performance, emphasizing the potential benefits of
incorporating a 3D spatial context.

Dense U-Net [20] outperformed standard U-Net, reaching a DSC of 92.1% for CG and
78.1% for PZ. Our CG results are comparable, but PZ performance remains slightly lower,
which may suggest the need for improved feature fusion mechanisms.

When comparing our results to those reported in [21], it is evident that their U-Net-
based approach achieved higher DSC values (93.75% for CG and 89.89% for PZ on T2W
images). In contrast, our best-performing model, YOLO-V8, achieved DSC values of 91%
for CG and 74% for PZ on the validation set and 89% for CG and 73% for PZ on the test set.
It is important to note that the authors in [21] utilized a larger dataset (225 MRIs compared
to our 90 for training), which likely contributed to their higher performance. Despite the
smaller dataset, our approach demonstrates competitive performance, particularly for
CG segmentation, and introduces novel methodologies such as ensemble learning and
Meta-Net, which have not been previously applied to zonal segmentation.

Additionally, our findings contribute to the growing body of literature on effective
segmentation techniques in prostate imaging. Despite the limitations posed by a smaller
dataset, our results illustrate that significant advancements can still be achieved. The ability
to achieve such outcomes reinforces the idea that high-quality segmentation does not solely
depend on large datasets but can also be driven by innovative model architectures and
training strategies.

Overall, while our results are on par with some of the best performances reported in
the literature, they highlight the feasibility of achieving strong outcomes in prostate segmen-
tation with limited resources. This is a critical observation for future research, suggesting
that further investigations could explore optimizing segmentation techniques without
relying heavily on extensive datasets. Our study not only demonstrates the potential of
our methods but also paves the way for ongoing research into effective prostate imaging
solutions, especially in contexts where data availability may be a concern. Figures 11 and 12
present a comparison between the results of our proposed models and those from previous
studies for CG and PZ segmentation, respectively. These figures display the performance
of our models on the test set, with the comparison primarily based on DSC, as most prior
studies did not report IoU.

Furthermore, in our study, Meta-Net model selection was performed randomly, mean-
ing we did not incorporate a systematic criterion to choose the best-performing architecture.
While this approach allowed for flexibility, it may not ensure optimal generalization.
Bayesian model-selection methods, such as the Bayesian information criterion (BIC) and
Bayes factors, provide a principled framework to compare models by balancing accuracy
and complexity [46]. Integrating such techniques into Meta-Net could help in selecting
the most suitable model while avoiding overfitting. Moreover, Bayesian deep learning
approaches, like Bayesian neural networks, could quantify uncertainty in segmentation
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outcomes. Future work can explore Bayesian methods to improve robustness and reliability
in prostate zonal segmentation.
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6. Conclusions
In conclusion, this study demonstrates the effectiveness of ensemble learning, Meta-

Net, and YOLO-V8 for prostate zone segmentation. Despite the relatively small dataset
compared to other studies, the models performed competitively, with YOLO-V8 showing
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the best results overall, particularly for PZ segmentation. The ensemble model and Meta-
Net also delivered strong results, marking the first application of Meta-Net in segmentation
tasks. Notably, our findings suggest that significant improvements in segmentation per-
formance can be achieved even with limited data, reinforcing the potential of innovative
model architectures.
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