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Abstract

Accurate delineation of lesions in prostate MRI is crucial for the diagnosis of prostate
cancer. Manual segmentation is time-consuming, requires advanced medical expertise, and
is subject to inter-operator variability. Automatic lesion segmentation therefore represents
a valuable tool to support clinicians by reducing workload, minimizing observer bias, and
enabling more consistent image analysis. In this work, we investigated the performance
of four deep learning architectures for prostate lesion segmentation: nnU-Net, DenseUNet,
SegResUNet, and U-Net. Unlike many existing studies that rely on publicly available
data, we constructed a dedicated dataset to better capture real-world variability and chal-
lenges. The dataset, comprising T2-weighted (T2W), apparent diffusion coefficient (ADC),
and diffusion-weighted imaging (DWI) sequences, was carefully annotated by medical
experts to ensure high-quality labels. Training was performed using the full combination
of these modalities. Two cohorts were considered based on lesion severity, as defined by
PI-RADS (Prostate Imaging—Reporting and Data System) scores: one with only PI-RADS
4-5 lesions (151 patients), and another including PI-RADS 3 cases, totaling 209 patients.
Evaluation was conducted both on a patient-by-patient basis and in a consolidated all-
patient setting. In the patient-level analysis, nnU-Net achieved the highest Dice similarity
coefficient (DSC) of 0.60 when trained on PI-RADS 4-5 lesions, while in the all-patient
analysis, DenseUNet attained a DSC of 0.57 on the same dataset. These results are within
the range reported in recent prostate lesion segmentation studies, and in some cases are
comparable to or exceed those obtained with substantially larger datasets.
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1 Introduction

Prostate cancer (PCa) incidence has been increasing in recent years. In 2022, there were
1,467,854 new cases of prostate cancer worldwide [1]. In the United States, projections for
2025 estimate about 313,780 new cases and 35,770 deaths due to prostate cancer [2]. This
upward trend underscores the critical importance of early detection and effective treatment
strategies.

Magnetic resonance Imaging (MRI) is commonly used to locate tumors in the pros-
tate because it does a better job of showing soft tissues than other medical images [3].
Multiparametric MRI (mpMRI) involves using various imaging sequences to emphasize
tissue characteristics. The most common sequences include T2-weighted images (T2W),
diffusion-weighted imaging (DWI), and dynamic contrast-enhanced MRI. The apparent dif-
fusion coefficient (ADC) is calculated from DWTI at different b-values. Biparametric MRI
(bpMRI) simplifies this by focusing mainly on three sequences: T2W, DWI, and ADC [4,
5]. The European Society of Residents in Urology (ESRU) has developed a guideline for
interpreting prostate cancer, the Prostate Imaging—Reporting and Data System (PI-RADS)
version 2.1, which relies on T2W, DWI, and ADC to analyze malignant areas and assess
tumor risk using PI-RADS scoring [6].

T2W plays a key role in prostate MRI, capturing high-resolution scans in axial, coronal,
and sagittal planes with a focused field of view. It allows for detailed visualization of pros-
tatic zonal anatomy and helps identify extra-prostatic extension [7]. DWI is a technique
that generates image contrast based on differences in water molecule diffusion within tis-
sues. In prostate cancer, tumor progression leads to increased cellularity, structural changes,
and a reduced cytoplasm-to-nucleus ratio, all of which restrict water diffusion. This restric-
tion becomes more pronounced with higher cancer grades. DWI analysis involves two key
components: high b-value images and ADC maps. The b-value represents the strength of
diffusion weighting, with higher values enhancing tissue contrast. ADC maps provide a
quantitative measure of water diffusion, where areas with restricted diffusion appear bright
on DWI and dark on ADC maps due to lower ADC values. These imaging techniques play
a crucial role in evaluating prostate cancer by highlighting variations in tissue diffusion
properties [8].

Accurate segmentation of the prostate anatomy and lesions is essential for the precise
diagnosis and effective treatment planning of prostate cancer, enabling detailed localization
and characterization of malignant tissues [9]. However, manually segmenting tumors is a
time-intensive task, with the accuracy of results relying heavily on the radiologist’s exper-
tise. Consequently, significant efforts have been dedicated to developing automated methods
for tumor segmentation to enhance efficiency and consistency [10]. The advancements in
deep learning have notably enhanced the segmentation process in bpMRI, improving accu-
racy and efficiency in clinical applications. Convolutional neural networks (CNNs) play a
crucial role in semantic segmentation, with U-Net [11] being a notable example, and have
become essential in medical image segmentation. Various U-Net variants have been intro-
duced for this purpose in the medical field. Using deep learning, automatic segmentation of
the prostate and cancer lesions in MRI images has achieved promising results, benefiting
from strong hierarchical feature representation and data-driven, end-to-end learning [12].

In this study, we introduce a multi-encoder U-Net—based framework specifically tailored
for prostate lesion segmentation using multiparametric MRI. Unlike conventional single-
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encoder U-Nets, our approach employs three parallel encoder streams, each dedicated to
a distinct imaging modality (T2W, ADC, and DWI), to better capture complementary ana-
tomical and functional information. We evaluated four architectures within this framework.
For nnU-Net, one of the most widely recognized and benchmarked medical image segmen-
tation frameworks, we applied it in a multi-input configuration to handle the three modali-
ties simultaneously. For the other networks, U-Net, Dense-UNet, and SegRes-UNet, we
redesigned the original architectures to incorporate the proposed multi-encoder structure,
enabling parallel feature extraction from each modality before fusion in the decoding stage.
This adaptation allows the networks to exploit the full richness of multiparametric MRI,
which is often underutilized in conventional segmentation pipelines.

These networks were trained on a carefully assembled dataset collected at our clini-
cal center, designed to reflect real-world clinical conditions. The dataset includes all three
MRI sequences, along with corresponding lesion masks. To our knowledge, no publicly
available dataset offers this complete combination of imaging modalities paired with lesion
annotations linked to PI-RADS scores. Publicly available datasets typically include only
one or two MRI sequences, most often T2W and/or ADC, and in many cases do not include
DWI. Moreover, these datasets generally lack PI-RADS—specific lesion annotations. Such
detailed labeling is essential for clinically meaningful segmentation, as it allows models
to be developed and evaluated according to lesion severity and the likelihood of clinically
significant prostate cancer.

Accurate segmentation of prostate lesions with PI-RADS scores of 4 and 5 is particularly
critical, as these categories carry substantially higher risks of clinically significant cancer.
For instance, in a prospective cohort of 454 men, the rates of clinically significant prostate
cancer (csPCa) were 14% for PI-RADS 3, 37% for PI-RADS 4, and 77% for PI-RADS 5
lesions [13]. A systematic review further found that 52% of PI-RADS 4 and 89% of PI-
RADS 5 lesions corresponded to csPCa [14]. These findings demonstrate that PI-RADS 4
and 5 lesions are more likely to be clinically significant compared to PI-RADS 3, and thus
warrant focused architectural and methodological attention.

The remainder of this article is structured as follows: Sect. 2 details the Materials and
Methods, including the preparation of our in-house dataset and the proposed approach,
Sect. 3 presents the results, followed by a discussion in Sect. 4 and conclusions in Sect. 6.

2 Related work

Deep learning-based approaches have been widely explored for prostate lesion segmen-
tation tasks in recent years. Various studies have employed neural network architectures,
datasets, and evaluation metrics to enhance segmentation performance. These works pri-
marily utilize publicly available and private medical imaging datasets, with the number of
images varying significantly depending on the dataset. Additionally, different studies adopt
architectures such as U-Net, U- Net++, Attention U-Net, and other advanced variants to
improve accuracy.

Table 1 summarizes the relevant studies; their key findings are reported right after. To
report about the performance of the different methods, we used the Dice Similarity Coef-
ficient (DSC), for quantifying the predicted and ground truth segmentation masks. It is
defined as:
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Table 1 Comparison of the re- Study Dataset Network DSC
sults different studies for prostate

- 1 0
lesion segmentation. DSC: dice [12] Prostate158 (70 Dual pyramld. . 56.31%
similarity coefficient; T2W: T2W)+Prostate X (70 network gombmmg
? : T2W) Convolutional Neural

T2-weighted; ADC: apparent

diffusion coefficients Networks (CNN) and

tokenized Multi-
Layer Perceptrons

(MLP)
[15] Prostate158 (70 Adaptive Window 48.56%
T2W)+ Prostate X (70 Adjustment (AWA)
T2W)
PI-CAI (220 T2W) 49.03%

[25] Private dataset (390 ADC) Integration of SE- 86.3%
Net, Cased Pyramid
Convolution, and an
Attention Gate

[10] Private dataset (355 T2W) neighbor-aware 63.76%

PI-CAI (215 T2W) multi-modal adaptive 59 (1
learning network
(NaMa)

[17] PI-CAI (220 T2W) A cascaded two-stage 53.34%
Prostate158 (70 T2W) SegResNet 42.11%
PSU-mpMRI (10 T2W) 35.88%

[18] Prostate158 (70 T2W) U-ResNets 45%

[19] Private dataset (149 ADC) U-Net 77%

[20] 12CVB (151 T2W) Cascaded pyramid 79%

convolution module

[21] 12CVB (151 T2W) Deep Convolutional ~ 80.24%

Encoder-Decoder

[22] Private dataset (77 TIW)  Cascaded scoring 69%
convolutional neural

network
[23] Private dataset (120 T2W) Mask-RCNN 62%
[24] Private dataset (152 ADC) Fully Convolutional ~ 41%
Networks
[25] Private dataset (16 ADC)  Support Vector 58%

16 patients with lesions in  Machines
peripheral zone only

[26] Private dataset (11 T2W)  Fuzzy Markov ran- 62%

dom fields

[27] Private dataset (64 T2W)  Mask R-CNN 60%
[28] Prostate158 (70 SwinUNETR 48%

T2W)+PI-CAI (220

T2W)
[29] 12CVB (151 T2W) U-Net LSTM 67%
[30] Private dataset (122 T2W) U-Net 31%

DSC = 21D
2P+ FP+ FN

(TP=true positives, FP=false positives, FN=false negatives). A higher DSC value indicates
better segmentation performance, with a value of 1 representing perfect overlap between
the predicted and ground truth masks. Another metric occasionally used in literature to this
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purpose is the Intersection over Union (IoU) metric (a.k.a Jaccard index). While the two
metrics are linked by a simple formula (IoU=DSC/(2-DSC)), they emphasize different
aspects of the overlap. DSC is generally more sensitive to small regions, while IoU penal-
izes false positives more strongly. We reported our results in terms of DSC, since it is the
most frequently used metrics, and for comparison converted the occasional literature results
expressed as IoU into DSC values.

In [12], authors utilized 140 MRI cases, with 70 from the ProstateX dataset and 70 from
Prostate158. The dataset included cases with and without lesions. This work introduces a
dual-pyramid network combining CNN and tokenized MLP for prostate lesion segmenta-
tion in MRI. It employs a two-stage approach: prostate segmentation followed by lesion
detection, integrating multi-scale feature extraction and an attention module for enhanced
accuracy. The proposed network achieved an IoU of 44.82 + 20.45 and a DSC of 56.31 +
22.77 on T2W.

An Adaptive Window Adjustment (AWA) module proposed in [15] dynamically adjusts
window settings for different image modalities and tasks. The study also evaluates loss
functions for prostate segmentation, highlighting the superiority of Boundary Difference
over Union (DoU) Loss, especially in 3D imaging. Additionally, a cascaded segmentation
approach is introduced to enhance lesion segmentation using anatomical structure informa-
tion. Using 5-fold cross-validation, the proposed method achieved a mean DSC of 48.56 for
lesion segmentation on Prostate158 and ProstateX datasets and 49.03 on the PI-CAI dataset,
demonstrating its effectiveness. The proposed multi-segmentation model utilizes T2WT and
ADC to segment the prostate gland and tumor.

It integrates SE-Net, Cased Pyramid Convolution, and an Attention Gate for enhanced
feature extraction, while multi-scale convolutions and a convolution-based edge detection
block improve segmentation accuracy. The model was evaluated on a dataset of 390 MRIs
from Guizhou Provincial People’s Hospital, achieving a DSC of 86.3 £ 0.027 for lesion
segmentation, demonstrating strong generalization in external validation [16].

A two-stage neighbor-aware multi-modal adaptive learning network (NaMa) was pro-
posed for prostate tumor segmentation from multi-modal anisotropic MR images [10]. The
method incorporates a Modality-Informative Adaptive Learning (MIAL) module for adap-
tive fusion of modality-specific information and an Activation Mapping Guidance (AMG)
module to refine inter-slice feature correlations for consistent segmentation. A random mask
strategy was also applied to enhance feature representation. The model achieved a DSC of
63.76% on their dataset and 59.01% on the PI-CAI dataset.

A cascaded two-stage SegResNet approach was proposed for prostate cancer lesion seg-
mentation in bpMRI [17].The first model identifies the region of interest, while the second
segments lesions within the prostate using T2W, DWI, and ADC sequences. Trained on the
PI-CAI 2022 dataset, the model outperformed a single SegResNet baseline, achieving Dice
scores of 0.5334 on PI-CAI 2022, 0.4221 on Prostate-158, and 0.3588 on PSU-mpMRI,
demonstrating strong generalizability to external data.

The authors of [18] proposed a U-ResNets model to segment PCa prostate lesions
employing the Prostate158 dataset. The network delineated the lesions achieving a DSC
of 45%.

In [19] U-Net was designed for segmenting prostate lesions, achieving a DSC of 77%
for accurate lesion segmentation. The dataset comprised 149 patients with a mean age of
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69.2 years (ranging from 47 to 84 years), divided into training (80%) and internal validation
(20%) sets.

The study [20] aimed to create an advanced segmentation network incorporating a cas-
cading pyramid convolution module (CPCM) and a double-input channel attention module
(DCAM) for accurate and automated segmentation of PCa lesions from mp-MRI scans. The
model, evaluated on the I2CVB dataset, attained a DSC of 79%.

The research by [21] employed the [2CVB dataset to segment prostate cancer lesions.
They utilized a sophisticated deep convolutional encoder-decoder model to segment not
only the prostate and its anatomical features but also malignant lesions. For cancer segmen-
tation, the system achieved an IoU score of 67%, i.e. a DSC of 80.24%.

A novel 3D cascaded scoring convolutional neural network was introduced for the auto-
matic segmentation of both the prostate and lesions from MRI images [22]. This innovative
network operates by sequentially identifying a region of interest (ROI), detecting the object
within this ROI, and then defining the target area. The effectiveness of this method was
assessed through a retrospective study involving 77 patients who had undergone MRI scans.
Results showed that the proposed network attained a DSC of 69% for segmenting lesions.

A study was conducted to train and assess mask region-based convolutional neural net-
works for the segmentation of the prostate gland and lesions [23]. The study comprised two
cohorts: 78 patients from public sources (cohort 1) and 42 patients from their institution
(cohort 2). The model achieved a lesion segmentation DSC of 62%.

In a separate investigation [24], an FCN underwent training with 152 MRI scans to
accomplish prostate lesion segmentation. The network achieved a DSC of 41%.

An experiment evaluated enhanced localization in multispectral MRI data using a semi-
supervised method and an SVM classifier with varied feature vectors for segmentation,
achieving a DSC of 58% for lesion segmentation [25].The study utilized a dataset of 16
MRISs, including T2 maps and ADC images, demonstrating promising results in improving
localization accuracy.

A novel approach to segmenting prostate cancer in multispectral MR images is pro-
posed by [26], employing fuzzy Markov random fields (fuzzy MRFs). The developed model
attained a DSC of 62% on a dataset comprising 11 MRIs.

In [27], a non-local Mask R-CNN was enhanced through various training methodolo-
gies, showing improved performance in a retrospective analysis of 262 patients who under-
went prostate bi-parametric MRI scans. The enhanced model was evaluated against baseline
Mask R-CNN, 3D U-Net, and manual delineation by a radiologist using metrics such as
detection rate, DSC, sensitivity, and Hausdorff Distance (HD). The dataset was divided into
three cohorts: Cohort 1 (64 patients) used histopathology for ground truth, Cohort 2 (158
patients) relied on bp-MRI, and Cohort 3 (40 patients) was used for semi-supervised learn-
ing. The enhanced Mask R-CNN achieved the highest DSC of 60%.

In their research, the authors [28] introduced SAM-UNETR, a novel approach to delin-
eating regions of clinically significant PCa in MRI images. SAM-UNETR combines a
transformer-encoder derived from the Segment Anything Model (SAM), a highly adaptable
segmentation model trained on an extensive dataset of 11 million images, with a residual-
convolution decoder inspired by UNETR. Two distinct datasets were employed in the study:
Prostate158 and the dataset from the PI-CAI Challenge, each offering unique perspectives
and contributions. SAM-UNETR achieves a DSC of 48% for PCa prediction.
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In their study, Gavade et al. [29] employed modern DL techniques to develop a frame-
work aimed at segmenting and categorizing mp-MRI images. The DL methodology consists
of two main stages: initially utilizing a U-Net architecture to segment ROI, followed by
employing a long short-term memory (LSTM) network to classify these ROIs into cancer-
ous or non-cancerous categories. Training of the DL models was conducted on the 2CVB
dataset, and a comprehensive evaluation was performed through a detailed comparison
with their experimental setup. The model achieved a significant DSC of 67% for lesion
segmentation.

In [30], a transparent DL model is employed to decipher the forecasts of a CNN in pros-
tate tumor segmentation. Utilizing a U-Net framework, the CNN was trained on multi-
parametric MRI data from 122 patients to autonomously delineate the prostate gland and
tumor lesions. The CNN attained a mean DSC of 62% for the prostate gland and 31% for
the tumor lesions segmentation.

3 Materials and methods

This section outlines the key components of our study methodology. We begin by describing
the dataset used, including patient selection and imaging modalities. Next, we present the
deep learning architectures employed for prostate lesion segmentation, detailing the four
networks evaluated: U-Net, nnU-Net, Dense-UNet, and SegRes-UNet. We then explain our
approach to combining segmentation masks derived from multi-sequence inputs. Finally,
the section covers important implementation details, image pre-processing steps, network
training strategies, and evaluation metrics used to assess model performance.

3.1 Dataset

In this study, we constructed our dataset at our research center by collecting and process-
ing raw MRI scans. Specifically, we downloaded MRI images from 222 unique patients,
which included 69 cases categorized as PI-RADS 3, 81 cases as PI-RADS 4, and 70 cases
as PI-RADS 5. No follow-up or repeat scans from the same patients were included, ensur-
ing that each scan corresponds to a distinct patient to prevent data leakage during training
and evaluation.

These images were originally acquired at the CDI (Department of Diagnostic Imaging
and Stereotactic Radiosurgery, Centro Diagnostico Italiano, Milan, Italy). To ensure patient
confidentiality and compliance with ethical guidelines, we anonymized all MRI scans
before further processing.

For all 222 cases, all three imaging sequences, T2W, ADC, and DWI, were available,
as the foundation of our research relies on training networks using the complete set of
sequences. we developed dedicated code using the SimplelTK library to extract and prepro-
cess these sequences, ensuring transparency and reproducibility.

For DWI, we specifically selected images with a b-value of 1600, as this value is known
to enhance lesion visibility. Our dataset originally included images with b-values of 800,
1600, and 2500. After consultation with two experienced radiologists, we chose b=1600
because the image quality at b=800 was generally lower, and many clinical centers do not
have MRI machines capable of acquiring b=2500 images. Therefore, b=1600 represents
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the best compromise between image quality and widespread availability across different
hospitals, ensuring clinical relevance and consistency in our dataset.

For lesion annotation, a radiologist initially trained a PhD student in identifying and
delineating lesions across all three sequences (T2W, ADC, and DWI). Following this pre-
liminary annotation, two expert radiologists independently reviewed, corrected and final-
ized the segmentations to ensure accuracy and consistency. The finalized segmentations
were then utilized as ground truth for lesion segmentation in our study.

3.2 Proposed neural networks

In our study, we employed four different deep learning architectures: U-Net, nnU-Net,
SegResU-Net, and DenseNet, for prostate lesion segmentation. Each of these networks
offers unique advantages in capturing spatial and contextual information, contributing to
improved segmentation performance. We trained the networks using parallel T2W, ADC,
and DWI sequences to capture the distinct features provided by each modality. As illustrated
in Fig. 1, the image depicts the overall pipeline of the network training process, providing an
overview of the data flow and model architecture. By using this U-shaped architecture, the
network can effectively utilize both spatial and contextual information across the different
MRI sequences (T2W, ADC, and DWI), contributing to enhanced performance in prostate
lesion segmentation.

Our dataset provides separate masks for each image; however, for training, we combined
these three masks into a single mask and trained the networks using this combined annota-
tion. In the following sections, we provide a detailed description of each architecture, high-
lighting their structures and contributions to prostate lesion segmentation. Additionally, we
describe the method used to combine the masks for training.

3.2.1 U-Net

The U-Net model is mainly composed of two parts: an encoder and a decoder. Its core
idea is to reduce the size of an image to fit a display area, effectively creating smaller
versions (thumbnails) that represent the original image. This reduction process helps in
extracting deeper features from the image. To combine both high and low-level features, a
skip-connection is added between the encoder and decoder. In the encoding phase, features

Lesion Mask
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Fig. 1 The overall architecture of multi-encoder U-Net for prostate lesion segmentation
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at different levels are extracted from the input image through convolution layers, with filters
progressively learning these features. Then, the decoder uses up-sampling to create the seg-
mentation mask. Feature detection in the segmented image depends on training the filters,
down-sampling/up-sampling layers, and skip connections. Additionally, the backbone struc-
ture plays a key role in organizing the layers during the encoding and decoding stages [31].

3.2.2 nnU-Net

In this study, we used nnU-Net, a deep learning-based segmentation framework that auto-
matically configures itself for new tasks, handling preprocessing, network architecture,
training, and post-processing. Its design is based on a combination of fixed parameters,
interdependent rules, and empirical decisions. Without requiring manual adjustments, nnU-
Net outperforms many existing methods, including highly specialized models, across 23
public datasets from international biomedical segmentation challenges. It is publicly avail-
able as a ready-to-use tool, making state-of-the-art segmentation accessible. We leveraged
its multi-input capability by feeding T2W, DWI, and ADC images along with a combined
mask from these three sequences for prostate lesion segmentation [32].

3.2.3 Dense-UNet

Dense-UNet is formed by integrating U-Net with dense concatenation. It features a dense
downsampling path and a dense upsampling path, which are symmetrically structured.
Additionally, several skip connection channels are used to link these two paths. In the
dense downsampling path, convolution operations are used to capture semantic contextual
features across multiple scales. To overcome the depth limitation of the traditional U-Net
architecture, we replaced standard pooling and convolution operations with dense block
and transition_block operations. This modification increases the network depth while main-
taining efficient feature extraction, leading to what we refer to as the dense downsampling
path. Each layer within a dense_block is directly connected to all its preceding layers in a
feed-forward manner, promoting extensive feature reuse. Specifically, each layer receives
the output feature maps from all previous layers, a process known as dense concatenation.
To facilitate this, the feature maps within each layer must maintain a consistent size, ensur-
ing seamless integration of dense blocks throughout the network [33].

3.2.4 SegRes-UNet

SegNet is a deep neural network (DNN) featuring an encoder-decoder structure with three
layers. Its encoder is based on the convolutional layers of the VGG16 network. To gener-
ate the segmentation mask, the decoder reuses the pooling indices obtained from the max-
pooling operation in the corresponding encoder layers. The fully connected layers were
removed to simplify the model, reducing the number of parameters in the encoder section
and improving efficiency [34]. Residual blocks are integral components in deep learning
architectures, particularly within Residual Networks (ResNets). They address challenges
associated with training deep neural networks, such as vanishing gradients, by introducing
shortcut connections that allow the network to learn residual functions relative to the layer

@ Springer



4 Page 10 of 20 World Wide Web (2026) 29:4

inputs. This design facilitates the training of substantially deeper networks without degrada-
tion in performance [35].

In our approach, we have integrated residual blocks into the SegNet architecture. By
incorporating these blocks, the network benefits from improved gradient flow and enhanced
feature learning capabilities, leading to more accurate and efficient segmentation outcomes
[36].

3.3 Combined mask

To generate a unified segmentation mask, we combined the individual masks from the
T2W, ADC, and DWI sequences. Specifically, we applied a pixel-wise logical OR operation
across the three masks, ensuring that a voxel was considered part of the segmented region if
it was labeled in at least one of the modalities. This approach captures the union of detected
regions across different MRI sequences, leveraging complementary information from each
modality. The resulting mask was then converted to a float32 format for compatibility with
the deep learning model. Figure 2 illustrates several sample masks of T2W, ADC, and DWI
sequences, as well as their combined mask.

3.4 Implementation details

In this study, we employed four deep learning architectures to improve prostate lesion seg-
mentation using multiparametric MRI (mpMRI) data: U-Net, SegResU-Net, DenseUNet,
and nnU-Net. All four models are well-known for their effectiveness in medical image seg-
mentation. Unlike the other three models, nnU-Net is an automated deep learning framework

T2W Mask DWI Mask ADC Mask Combined Mask

Fig.2 Some samples of T2W, ADC, and DWI lesion ground truth and their combined mask
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that dynamically optimizes its network architecture, training strategy, and preprocessing
pipeline based on the specific properties of the dataset. For nnU-Net, we used the default
configuration to train the network in our research.

Image pre-processing For preprocessing, images were resized to 256 x 256 pixels and cen-
ter-cropped to 128 x 128 pixels to focus the models on the prostate region, where lesions are
typically located. This step helped reduce the influence of background noise, as the prostate
is generally located in the center of the MRI scans [37]. Figure 3 demonstrates the process of
cropping the images on a sample of T2W. Data augmentation methods, including rotation,
flipping, and zooming, were applied to further diversify the training data.

To align and register T2W, ADC, and DWI sequences, we employed the SimpleITK
library in Python. Due to differences in resolution, field of view, and potential patient
motion, these MRI sequences often require preprocessing and transformation to ensure
proper alignment [38]. Initially, all images were preprocessed by converting them to a com-
mon format and standardizing their intensity ranges [39]. The registration process involved
selecting one sequence, typically the T2W image, as the fixed reference and aligning the
ADC and DWI images to it. We applied rigid and affine transformations using SimpleITK’s
registration framework, optimizing the transformation parameters through mutual infor-
mation as the similarity metric. To refine the alignment, a multi-resolution approach was
implemented, where registration was performed at different image scales to improve robust-
ness [40]. Finally, the registered images were resampled to match the reference image’s
spacing and dimensions, ensuring spatial consistency. This automated approach effectively
corrected misalignments, facilitating accurate image analysis and segmentation.

To account for intensity variations between the different MRI sequences, we used differ-
ent normalization techniques: min-max normalization for T2W and ADC images to scale
pixel intensities to a range of 0—1, and Z-score normalization for DWI images to standardize
intensity values.

Networks training The dataset was divided based on PI-RADS scores, which categorize
prostate lesions by their likelihood of malignancy. In one configuration, only PI-RADS 4

(b)

Fig. 3 A T2W sample of the cropped image: (a) the original slice, and (b) cropped slices with focus on
the prostate area
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and 5 images, representing higher suspicion of cancer, were used for training and testing.
Specifically, 127 images were used for training and 24 images for testing. In another con-
figuration, images from PI-RADS 3, 4, and 5, representing a broader range of suspicion,
were included. In this case, 177 images were used for training and 32 images for testing.

We ensured that all PI-RADS categories were represented in both the training and test
sets. The test set consisted of unseen data that was never used during training. For training,
we employed cross-validation, which internally manages the validation splits for hyperpa-
rameter tuning and early stopping. This approach allowed us to evaluate the models on both
high- and low-suspicion lesions, improving the generalizability of the models for real-world
clinical use.

This ensured that the models were not biased by differences in intensity distributions
across sequences. The Focal Tversky loss was used for training, as it addresses class imbal-
ance and enhances sensitivity to smaller lesions, which are critical for early prostate cancer
detection [41].

The models were trained with a learning rate of 1e-4 for 100 epochs, using a batch size
of 16 and early stopping to prevent overfitting. For early stopping, we applied the following
criteria: the validation loss was monitored during training, with a patience of 5 epochs, start-
ing from epoch 50. Training was halted if no improvement in validation loss was observed
within these 5 epochs, and the model weights were restored to those corresponding to the
best validation loss.

This strategy enabled the models to effectively capture the features essential for accurate
prostate lesion segmentation.

4 Results

We trained all of the proposed networks using two different approaches.

In the first experiment, we used only MRI scans with PI-RADS 4 and 5, where 127
images were allocated for training and 24 for testing. In the second experiment, the dataset
was expanded to include PI-RADS 3 cases in addition to PI-RADS 4 and 5, resulting in 177
images for training and 45 for testing. A 5-fold cross-validation strategy was employed con-
sistently across both experiments to ensure reliable performance assessment. All networks
were trained using the same hyperparameters in both experiments to maintain evaluation
consistency.

The increase in training and testing sample sizes between the two experiments reflects
the inclusion of PI-RADS 3 images, which increased the overall dataset size. The test sets
were kept separate and mutually exclusive from training data in both experiments.

In addition, two proposed training setups, allowed us to analyze the impact of including
lower PI-RADS scores on the performance of the segmentation model. To evaluate our
segmentation networks, we employed two distinct approaches on the test set to assess their
performance more thoroughly.

In the first approach, we calculated the DSC on a patient-by-patient basis. This involved
evaluating each patient’s segmentation independently, where the DSC was computed for
each slice of the patient’s images. We then reported the mean and median DSC values for
all patients. In the second step, we performed predictions across all slices of all images in
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Table 2 The results of lesion Patient-by-Patient Overall
SCEmEnon USE PrOpOSeC.  Neural Network  DSC DSC DSC DSC
(Median) (Mean) (Median)  (Mean)
nnU-Net 1% 60% 66% 50%
Dense-Unet 51% 51% 49% 57%
U-Net 45% 44% 34% 34%
SegRes-UNet 43% 45% 45% 49%

the test set and calculated the mean and median DSC for the entire dataset. The patient-
by-patient approach yielded lower results due to variability within each patient’s dataset,
such as differences in MRI scan quality, contrast, and lesion sizes. This caused the model to
struggle with variations in individual scans, leading to lower DSC values. In contrast, the
second approach, which aggregates predictions across all slices from all patients, benefits
from the averaging effect. This smooths out discrepancies and allows the model’s perfor-
mance on higher-quality scans to compensate for lower-quality scans, resulting in better
overall performance.

Table 2 presents the median and mean DSC for lesions classified as PI-RADS 4 and 5,
evaluating the segmentation performance of the developed networks specifically for these
higher-risk categories. Meanwhile, Table 3 expands the analysis by including PI-RADS 3,
4, and 5 lesions, reporting the median and mean DSC across all developed networks. This
comparison highlights how the segmentation performance varies when incorporating lower-
risk lesions (PI-RADS 3) alongside the more clinically significant PI-RADS 4 and 5 cases.

The results show that nnU-Net consistently outperformed the other models in both exper-
iments and evaluation approaches, reflecting its adaptive architecture’s ability to handle
complex lesion features. Performance decreased across all models when PI-RADS 3 cases
were included, likely due to the increased difficulty of segmenting smaller or less conspicu-
ous lesions. Dense-Unet and SegRes-UNet showed moderate performance with some vari-
ability between patient-wise and overall metrics, while the standard U-Net lagged behind,
indicating its relatively limited capacity for this task. The differences between patient-by-
patient and overall DSC suggest that segmentation quality varies at both individual and
aggregate slice levels, particularly for the more challenging dataset including PI-RADS 3.

In Fig. 4, we present the results of lesion segmentation using the nnU-Net neural network
on a single slice from each of the 22 test images. Initially, we tested the model on 24 images;
however, the network successfully generated segmentations for 22 of them, failing to pre-
dict segmentations for the remaining two.

In the visualized results, green represents the actual ground truth of the lesion, while
red indicates the predicted lesion by the nnU-Net. The Fig. 4, provides an overview of
the network’s performance in identifying lesions across different test cases, illustrating its
strengths and limitations in segmentation accuracy.

Table 3 The results of lesion Patient-by-Patient Overall
segmentation using proposed

networks for P-RADS 3.4 and 5 \eural Network ](Dlvslciiian) ](Dl\iecan) g\ifdian) g/slgan)
nnU-Net 61% 50% 55% 50%
Dense-Unet 37% 39% 46% 46%
U-Net 30% 28% 27% 26%
SegRes-UNet 33% 35% 44% 44%
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Main Ground-Truth

Predicted Ground-Truth

Fig. 4 Lesion segmentation results of nnU-Net on a single slice from each of the 22 test images

5 Discussion
Lesion segmentation in prostate MRI plays a crucial role in the early detection and diag-

nosis of clinically significant prostate cancer. Prostate lesion segmentation is considerably
more challenging than prostate zonal segmentation [42, 43]. As a preliminary step to lesion
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detection, zonal segmentation can achieve very high performance, even when using a single
MRI sequence, typically T2W. Given the heterogeneity of prostate lesions, multi-parametric
MRI (mpMRI) is widely used to enhance lesion characterization. In this study, we leveraged
three essential MRI sequences: T2W, ADC, and DWI to improve segmentation accuracy.
These sequences provide complementary anatomical and functional information, enhancing
the differentiation between cancerous and non- cancerous tissues.

To our knowledge, there is no publicly available dataset that provides such a compre-
hensive combination of multiple MRI sequences alongside lesion annotations specifically
associated with PI-RADS scores. Most public datasets tend to include only one or two imag-
ing modalities, commonly T2W and/or ADC, and often omit DWI sequences. Additionally,
these datasets frequently lack detailed lesion annotations categorized by PI-RADS, limiting
their applicability for studies focused on standardized risk assessment.

The dataset was carefully annotated, ensuring high-quality labels for model training and
evaluation. To assess the effectiveness of deep learning in this task, we employed four neu-
ral networks: nnU-Net, U-Net, SegResU-Net, and DenseU-Net. Each of these architectures
has demonstrated strong performance in medical image segmentation tasks, with nnU-Net
being an adaptive framework, U-Net being a widely used baseline, SegResU-Net incorpo-
rating residual connections for improved feature propagation, and DenseU-Net leveraging
dense connections to enhance information flow.

To evaluate model performance, we trained all networks using two different approaches.
In the first approach, the training set included only images from PI-RADS 4 and 5 lesions,
representing.

clinically significant cases, with 127 images used for training and 24 images for test-
ing. In the second approach, we expanded the training set to include PI-RADS 3, 4, and
5 lesions, introducing a broader range of lesion appearances, with 177 images for training
and 32 images for testing. This comparative analysis allowed us to investigate the impact of
including PI-RADS 3 cases, which often present greater diagnostic uncertainty. By evaluat-
ing the segmentation performance across both approaches, we aimed to determine the most
effective strategy for training deep learning models in prostate lesion segmentation.

Unlike previous studies that often focus on single modalities or do not specify the PI-
RADS classification, the present work provides a detailed analysis using multi-parametric
MRI sequences (T2W, ADC, and DWI).

Our highest DSC of 60% (patient-by-patient, nnU-Net), achieved with a training set of
127 images, demonstrates the effectiveness of deep learning approaches for prostate lesion
segmentation.

Compared to other studies, this work provides a detailed analysis using multi-parametric
MRI sequences (T2W, ADC, and DWI), unlike previous studies that often focus on single
modalities or do not specify the PI-RADS classification.

Our highest DSC of 60% (patient-by-patient, nnU-Net), achieved with a training set of
127 images, demonstrates the effectiveness of our approach for prostate lesion segmenta-
tion. A study by [16] reported a higher DSC of 86.3% using ADC images, it’s important to
note that they utilized a larger dataset of 390 MRIs. Unlike our approach of combining all
sequences, they focused solely on ADC images and a “Simultaneous Estimation of Markov
Random Field Parameters and Class” network, a different approach than our U-Net based
architectures.
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In comparison to our study, which achieved a DSC of 60% using the nnU-Net model,
in [20] the authors employed a cascaded pyramid convolution module combined with the
12CVB method, training on a dataset of 151 MRIs, and reported a DSC of 79%. This indi-
cates a more advanced architecture and potentially more effective feature extraction tech-
niques in their approach.

Study [19] achieved a higher DSC of 77% using a U-Net on a private dataset of 149 ADC
images, compared to our results. Our lower DSC is likely due to the use of multi-parametric
MRI, while potentially offering richer clinical information and introducing complexity that
can reduce segmentation accuracy compared to using ADC images alone and the smaller
dataset size.

In comparison to the 69% DSC achieved by the authors in Article [22] using a dataset
of 77 TIW MRIs and a cascaded scoring convolutional neural network, our study, which
utilized all sequences (T2W, ADC, and DWI) with nnUNet, achieved a lower DSC of 60%.

Our study, using nnUNet on 127 MRIs with T2W, ADC, and DWI, achieved a DSC of
60%, lower than the 67% reported in Article [29]. They used U-Net LSTM on 151 MRIs of
the [2CVB dataset with only T2W sequences. This difference may be due to dataset charac-
teristics, the single T2W focus in their research, or model architecture efficacy.

Article [10] achieved a DSC of 63.76% on T2W images using the NaMa network with
a dataset of 355 private MRIs. In contrast, our study utilized nnUNet and a smaller dataset
of 127 MRIs, encompassing T2W, ADC, and DWI sequences, resulting in a DSC of 60%.
Although our dataset was smaller, the difference in performance is minimal at 3.76%.

A limitation of our study is the exclusion of PI-RADS 2 lesions from the analysis, which
was based on both clinical and technical reasons. PI-RADS 2 lesions are generally con-
sidered benign and are rarely reported by radiologists, as they are deemed to have a low
likelihood of malignancy and typically do not require further intervention. Furthermore,
PI-RADS 2 lesions are only visible on T2W MRI images and may not appear in other
sequences, such as DWI and ADC maps. Since our study utilized a combination of these
sequences, focusing on lesions that are visible across all modalities provided a more con-
sistent dataset for segmentation. Additionally, the imbalance in the dataset resulting from
this exclusion could influence the performance of machine learning models, suggesting that
future work may need to address this imbalance through techniques like oversampling or
under-sampling.

6 Conclusion

We studied the performance of some U-Net based models in prostate lesion segmentation
using multi-sequence (T2W, DWI, ADC) MRI data. The results underscore the sensitiv-
ity of model performance to the composition of the training dataset, particularly regarding
the inclusion of lower-grade lesions. While promising segmentation was achieved, further
refinement is necessary to enhance accuracy and generalization capabilities. Future research
should focus on expanding the dataset to encompass a wider spectrum of lesion grades and
patient demographics. Moreover, exploring advanced training methodologies and network
architectures, such as federated learning [44] holds promise for achieving improved seg-
mentation performance across all lesion categories. These efforts will contribute to more
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accurate diagnosis, treatment planning, and ultimately, improved patient outcomes in pros-
tate cancer management.
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