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Abstract
Introduction: Bladder cancer (BCa) represents a significant uro-oncological 
challenge due to its aggressive nature and high recurrence rates. Although magnetic 
resonance imaging (MRI) is a cornerstone modality in BCa management, the manual 
segmentation of lesions is time-consuming and suffers from low reproducibility 
due to inter-  and intra-observer variability, morphological heterogeneity, and MRI 
artifacts.
Objective: This study aims to address these limitations by conducting a rigorous 
comparative evaluation of four distinct U-Net-based deep learning architectures.
Methods: The models were evaluated using the publicly available, multi-center 
FedBCa dataset, comprising 275 T2-weighted MRI scans from 228 patients. Using a 
standardized training protocol, performance was rigorously assessed with a suite 
of quantitative metrics, including the Dice coefficient, intersection over union (IoU), 
and Hausdorff distance, supplemented by qualitative visual comparison.
Results: Cross-scale mixer U-Net (CMUNet) achieved the best overall performance, 
yielding the highest Dice coefficient (0.7937), IoU (0.7033), and boundary delineation 
accuracy (Hausdorff distance: 8.4550  mm. Architectural trade-offs were evident: 
CMUNeXt was the most computationally efficient and offered the highest lesion 
sensitivity (0.9656), whereas Attention U-Net recorded the highest precision (0.8380).
Conclusion: CMUNet provides the most balanced and accurate performance 
for BCa segmentation. However, the optimal architecture choice is application-
dependent; high-sensitivity models such as CMUNeXt are ideal for screening, while 
high-precision models like Attention U-Net are better suited for treatment planning. 
Deep learning models serve as powerful assistive tools to improve efficiency and 
objectivity in clinical workflows, though expert oversight remains essential. The top 
model’s accuracy approached, but did not surpass, the inter-rater reliability of human 
experts (Dice: 0.870).
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1. Introduction
Bladder cancer (BCa) is a serious global health problem, 
ranking among the most prevalent cancers of the urinary 
tract.1,2 It is defined as cancer that arises from the urothelial 
cells lining the inside of the bladder. When diagnosed early, 
BCa typically has a high treatment success rate; however, 
advanced BCa can lead to significant morbidity and 
mortality.3 Major risk factors of BCa include smoking, age, 
male sex, and occupational exposure to certain chemicals.4-6 
According to estimates from the American Cancer Society 
for 2024, the projected number of new BCa cases in the 
United States was 83,190, with 63,070 in men and 20,120 
in women. Estimates also suggest that in 2024, there were 
16,840 deaths due to BCa (12,290 men and 4,550 women), 
further emphasizing the disease’s significance and the need 
for effective diagnostic and therapeutic methodologies.7

Medical imaging methods play a pivotal role in the 
diagnosis and staging of BCa.8 Cystoscopy, considered the 
cornerstone of the diagnostic process, allows for direct 
endoscopic observation of the bladder’s interior and enables 
biopsies of suspicious lesions.9 Nevertheless, cross-sectional 
imaging techniques such as computed tomography (CT) 
and magnetic resonance imaging (MRI) are indispensable 
for obtaining critical information regarding the depth of 
tumor invasion into the bladder wall, its relationship with 
surrounding tissues, and potential lymph node or distant 
organ metastasis.10,11 These methods guide accurate disease 
staging and inform the selection of appropriate treatment 
strategies (e.g., surgery, chemotherapy, and radiotherapy). 
However, the interpretation of these images, even by 
experienced radiologists, can be time-consuming and is 
susceptible to inter-observer variability.12,13

With rapid advances in artificial intelligence, including 
machine learning and deep learning, high-capacity models 
now power perception and decision-making systems across 
numerous domains.14-16 In medicine, these techniques are 
increasingly tailored for medical image analysis.17 They 
enable detection, segmentation, and classification across 
a wide range of cancers and related conditions, including 
brain, lung,18 breast,19,20 prostate, bladder, liver, pancreatic, 
colorectal, head and neck, gynecologic, musculoskeletal, 
and hematologic malignancies, as well as dental, renal, 
and other urological pathologies.21-24 Together, these 
developments illustrate a general-purpose capability for 
objective, scalable, and reproducible visual interpretation 
tailored to clinical tasks.25 One of the most important 
applications in this field is segmentation, the process of 
precisely delineating the boundaries of specific anatomical 
structures or pathologies within an image.26,27 Accurate 
segmentation of cancerous tissue is highly relevant for 
objective tumor volume measurement, treatment response 

monitoring, and surgical planning.28,29 Deep learning-based 
algorithms can automate the segmentation of urological 
tumors, including BCas, on CT or MRI scans. Ongoing 
studies continue to improve these methods to enhance the 
speed and accuracy of diagnosis and treatment.30-32

To address the limitations of manual interpretation 
in medical imaging, deep learning, a subfield of artificial 
intelligence, has revolutionized medical image analysis. 
Deep learning models, particularly convolutional neural 
networks (CNNs), have an exceptional capacity to 
automatically learn hierarchical feature representations 
directly from image data. This eliminates the need for 
manual feature engineering and allows the models 
to capture a broad spectrum of patterns, from simple 
edges and textures to complex contextual and semantic 
information. For the task of semantic segmentation, the 
U-Net architecture has established itself as a gold standard 
in the biomedical domain. Its elegant design consists of 
a contracting path (encoder) that captures image context 
and a symmetric expanding path (decoder) that enables 
precise localization. The critical innovation of U-Net lies in 
its “skip connections,” which fuse high-resolution feature 
maps from the encoder with upsampled maps in the 
decoder. This mechanism allows the network to combine 
high-level semantic information with low-level spatial 
details, which is essential for delineating the fine and often 
ambiguous boundaries of pathological tissues.

The success of this foundational framework 
has inspired a plethora of U-Net variants aimed at 
further improving performance. However, despite the 
proliferation of these advanced architectures, a rigorous, 
head-to-head comparison on a large, contemporary, and 
clinically relevant BCa dataset is conspicuously lacking in 
the literature. This gap makes it difficult for the research 
community to objectively assess the true performance gains 
of newer models and to select the optimal architecture for 
this specific clinical problem.

This study addresses this critical gap by providing 
a comprehensive and systematic benchmark of leading 
U-Net-based models. Our primary contribution is the 
rigorous evaluation of four influential architectures: the 
foundational U-Net, the widely adopted Attention U-Net, 
and the cutting-edge cross-scale mixer U-Net (CMUNet) 
and CMUNeXt models. We performed this comparative 
analysis on a novel and extensive BCa dataset, which 
represents one of the largest and most current collections 
available for this purpose. By meticulously assessing 
the performance of these models under standardized 
conditions, we aim to identify the most robust and 
accurate architecture for BCa segmentation. The findings 
of this work are intended to serve as a crucial guideline 
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for future research and to accelerate the development of 
reliable, automated tools that can be integrated into clinical 
workflows for managing BCa.

1.1. Related works

The application of deep learning for delineating organs-at-risk 
in radiotherapy planning has garnered significant attention. 
Researchers have demonstrated the utility of U-Net-based 
architectures for the automated segmentation of the bladder, 
a critical organ-at-risk in pelvic radiotherapy. For example, 
do Nascimento Silva and Idrobo Pizo33 developed a U-Net 
model for bladder delineation in cone beam CT images, 
achieving a high Dice similarity coefficient (DSC) of 81% 
through the use of data augmentation. Similarly, addressing 
the specific needs of gynecological cancer treatment, 
Das et  al.34 proposed an enhanced U-Net with both long 
and short skip connections for bladder segmentation in 
T2-weighted (T2W) magnetic resonance images for high-
dose-rate brachytherapy. Their approach yielded superior 
intersection over union (IoU) metrics compared to the 
standard U-Net, underscoring the potential of customized 
deep learning models to provide consistent and accurate 
segmentations across different imaging modalities, which 
are essential for precise dose delivery.

Beyond radiotherapy, deep learning models are being 
developed to enhance the diagnostic accuracy of endoscopic 
procedures. Challenges in this domain, such as blurred 
tumor boundaries and high shape variability in cystoscopy 
images, demand more sophisticated network architectures. 
To address this, Zhao et al.35 introduced NAFF-Net, a 
framework featuring a nested attentional feature fusion 
mechanism and a weighted pyramid pooling module. This 
design effectively refined edge representations, leading to 
state-of-the-art performance in bladder tumor segmentation 
with a mean IoU of 84.05%. In a complementary study, Ye 
et al.36 utilized the High-Resolution Network Version 2 
(HRNetv2) model for detecting bladder lesions in white-
light cystoscopy videos. Their work highlighted the model’s 
high sensitivity (91.6%) and precision (91.3%) while also 
revealing the significant impact of image resolution on 
performance, pointing to the necessity of high-quality 
imaging for optimal automated lesion detection.

The adaptability of deep learning in urological imaging 
extends to adjacent and intricate structures beyond the 
bladder itself. Takagi et al.37 showcased this by developing 
2D and 3D U-Net models to accurately localize the prostatic 
urethra on planning CT scans, a historically difficult 
task. By achieving an average centerline distance error of 
approximately 2 mm, their work demonstrated that these 
models can reliably identify small structures when trained 
on large datasets. In another advanced application, Mei 

et al.38 employed the nnU-Net v2 architecture to segment 
both the gross tumor volume and neurovascular bundles 
from prostate biparametric MRI scans. This detailed 
segmentation was subsequently used to guide surgical 
decision-making in robot-assisted radical prostatectomy, 
directly linking automated image analysis to improved 
functional outcomes for patients.

A further evolution in the use of image segmentation 
involves leveraging these delineations for predictive 
analytics through radiomics. Moving beyond anatomical 
outlining, Wang et al.39 pioneered an unsupervised 
clustering-based radiomics model to noninvasively 
predict clinical outcomes from preoperative CT images. 
By segmenting the tumor and then subdividing it into 
distinct intertumoral subregions, they extracted a rich set 
of features. A fusion model integrating these subregional 
features demonstrated remarkable performance, achieving 
area under the receiver operating curve scores of 0.884 for 
predicting muscle invasion and 0.832 for American Joint 
Committee on Cancer staging. This approach of analyzing 
intertumoral heterogeneity presents a powerful paradigm 
for preoperative risk stratification and the personalization 
of treatment strategies in BCa.

The scope of deep learning in BCa imaging has also 
expanded from anatomical delineation to sophisticated 
predictive modeling. Researchers are now developing 
models that integrate various data types to forecast critical 
clinical outcomes noninvasively. For example, Sun et al.40 
and Wei et al.41 engineered nomograms that combine deep 
learning features with handcrafted radiomics from CT 
scans. These models demonstrated excellent performance 
in preoperatively predicting lymph node metastasis and 
muscle invasion, respectively, providing valuable tools for 
clinical staging. The exploration of novel architectures is also 
a key research avenue, with Kurata et al.42 showing that a 
vision transformer-based model significantly outperformed 
traditional CNNs in diagnosing muscle-invasive BCa from 
MRI data. Beyond clinical outcomes, deep learning is being 
used to predict molecular markers directly from imaging. 
Han et al.43 successfully constructed an interpretable model 
to predict programmed death-ligand 1 expression from 
CT scans, even employing Shapley Additive Explanations 
technology to make the model’s decision-making process 
transparent. Further refinement of the segmentation task 
continues, with studies like Gumus et al.44 comparing various 
model backbones, such as MAnet and PSPnet, to show that 
specific combinations of architectures and loss functions can 
yield superior tumor delineation on multiparametric MRI.

In a parallel and highly significant research direction, 
deep learning is being applied to the domain of digital 
pathology, analyzing whole-slide images to extract 
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prognostic and molecular information directly from 
tissue histology. This field, often termed “pathomics,” 
has shown great promise for personalizing postoperative 
management. For example, both Jiang et al.45 and Wang 
et al.46 developed powerful models capable of predicting 
the probability of early recurrence in patients with non-
muscle-invasive BCa by analyzing routine hematoxylin 
and eosin (H&E)-stained slides. Jiang et al.45 further 
enhanced their predictive model for therapy response 
by uniquely integrating immunohistochemistry-stained 
slides alongside H&E data. A particularly groundbreaking 
application is the prediction of molecular status from 
standard, low-cost H&E images, thus bypassing the need 
for specialized and more expensive staining techniques. Jiao 
et al.47 pioneered this by creating a model to predict human 
epidermal growth factor receptor 2 expression status with 
high accuracy. Similarly, Zheng et al.48 developed a model 
that identifies basal and luminal molecular subtypes from 
H&E slides, outperforming even senior pathologists in a 
comparative evaluation. These advancements are creating 
a powerful link between histology and molecular profiling, 
offering rapid and economical solutions for guiding 
targeted treatment decisions.

2. Materials and methods
2.1. Segmentation models

2.1.1. U-Net

The U-Net architecture is a popular starting point for 
those aiming to achieve high performance in biomedical 

image segmentation, especially when working with a 
small number of annotated images. U-Net is based on an 
encoder–decoder network structure and is symmetrical 
in design, similar to SegNet, but with fewer convolutional 
layers. Its architecture is defined by skip connections, 
which combine the feature maps from the encoder path 
with the input feature maps of each corresponding layer 
in the decoder path. This merging is accomplished by 
copying the output feature map from an encoder layer 
and concatenating it with the input feature map of the 
corresponding decoder layer. The intent is to merge 
high-resolution, local spatial information within a single 
layer with high-level semantic information from the 
global object, which is important for biomedical image 
segmentation.49

During model training, a composite loss function 
was selected, consisting of a combination of binary 
cross-entropy (BCE) and Dice coefficient loss, which 
are commonly employed in U-Net and its variants. 
This combined function has been shown to enhance 
segmentation quality while optimizing pixel-level accuracy. 
The U-Net architecture, whose schematic structure is 
illustrated in Figure 1, was used as the baseline model in 
our study and trained using the composite loss function 
expressed in Equation I.
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Figure 1. Schematic diagram of the U-Net architecture
Abbreviations: Conv: Convolution; Max: Maximum; ReLU: Rectified linear unit.
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2.1.2. CMUNet

The CMUNet model was developed to build upon the 
success of the U-Net and its derivatives in medical image 
segmentation by addressing two of their fundamental 
limitations. First, the inherently local receptive field of 
standard convolution operations in U-Net architectures 
impedes the effective extraction of global context 
information, which is critical for accurately localizing 
lesions. Second, the simple skip connections between 
the encoder and decoder paths constrain the model’s 
performance by indiscriminately transferring both relevant 
and irrelevant features. CMUNet introduces two main 
contributions to address these issues. First, at the bottom 
level of the encoder path (the bottleneck), a ConvMixer 
module replaces the standard block, as depicted in 
Equations II and III.

f BN DepthwiseConv f f1
’ ( { ( )})� � � ��1 1 11 1 � (II)

f BN PointwiseConv f1 1� ( { ( )})’�1 � (III)

The ConvMixer layer performs depth-wise convolution 
to process the spatial information of each feature map, 
followed by pointwise convolution to mix cross-channel 
information. This design enables the network to achieve 
a global receptive field by integrating features from 
spatially distant locations. The second contribution lies 
in the use of a multi-scale attention gate (AG) within 
the skip connections. This gate processes the encoder’s 
feature map using three parallel convolutional layers with 
different receptive fields (pointwise, ordinary, and dilated). 
The outputs of these three scales are combined to form 
an attention map, which measures and filters the most 
valuable information for the decoder. In this way, task-
relevant features are enhanced and irrelevant information, 
such as background noise, is filtered, resulting in a more 

sophisticated and efficient information transfer. The 
complete architecture of the CMUNet model is illustrated 
in Figure 2.50

2.1.3. Attention U-Net

The Attention U-Net is designed to improve the 
performance of medical image segmentation by enabling 
the model to automatically learn and focus on target 
structures of varying shapes and sizes. This architecture 
was introduced to address a key limitation of the standard 
U-Net and other fully convolutional networks, which often 
require multi-stage cascaded models to first localize a 
region of interest before performing detailed segmentation. 
Such cascaded frameworks are computationally expensive 
and involve redundant feature extraction. The Attention 
U-Net eliminates this necessity by integrating novel AGs 
directly into the standard U-Net architecture. These AGs 
are placed within the skip connections, where they filter 
the features passed from the encoder path to the decoder 
path. The core mechanism involves using a gating signal 
(g), taken from a coarser scale (i.e., a deeper layer of the 
network), to provide contextual information. This gating 
signal modulates the feature map from the corresponding 
encoder layer (xˡ), generating attention coefficients (α) 
that identify salient image regions and prune feature 
responses, preserving only the activations relevant to 
the specific segmentation task. The model employs an 
additive attention mechanism to compute these gating 
coefficients, which has been shown to be more accurate 
than multiplicative attention. The fundamental steps of 
this mechanism, detailing the computation of the attention 
query and final attention coefficient, are presented in 
Equations IV and V, respectively.51
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Figure 2. Schematic diagram of the cross-scale mixer U-Net architecture
Abbreviations: BN: BatchNorm; Conv: Convolution; GELU: Gaussian error linear unit; Max: Maximum; ReLU: Rectified linear unit.
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Here, the attention coefficient α is derived from linear 
transformations (Wx, Wg, ψ) of the encoder features and 
the gating signal, followed by sigmoid (σ2) and rectified 
linear unit (σ1) activation functions. The output of the 
AG is the element-wise multiplication of the input feature 
map and these attention coefficients. By progressively 
suppressing feature responses in irrelevant background 
regions, this mechanism allows the model to learn “where 
to look” without external supervision, thereby increasing 
model sensitivity and prediction accuracy with minimal 
computational overhead. The Attention U-Net architecture, 
which integrates AGs into its skip connections, is detailed 
in Figure 3.

2.1.4. CMUNeXt

The structure of the CMUNeXt architecture, a lightweight 
and fully convolutional network designed to balance 
segmentation performance with computational efficiency, 
is shown in Figure  4. This architecture addresses a key 
challenge in medical image segmentation: capturing 
the global context needed for precise lesion localization, 
without incurring the high computational costs associated 
with large transformer-based networks. CMUNeXt 
introduces two fundamental innovations. The first is the 
CMUNeXt block, used in the encoder layers, which employs 
a large-kernel depth-wise convolution to integrate distant 
spatial information. This is followed by two pointwise 
convolutions incorporating an inverted bottleneck design, 
as illustrated in Equations VI–VIII.

Figure 4. CMUNeXt: Architecture of an efficient segmentation network based on large kernels and skip-fusion
Abbreviations: Conv: Convolution; GELU: Gaussian error linear unit; Max: Maximum; ReLU: Rectified linear unit.

Figure 3. Schematic structure of the attention U-Net architecture
Abbreviations: Conv: Convolution; Max: Maximum; ReLU: Rectified linear unit.

https://dx.doi.org/10.36922/EJMO025260276


Volume 9 Issue 4 (2025)	 274� doi: 10.36922/EJMO025260276 

Robust bladder cancer segmentation through U-Net

Eurasian Journal of 
Medicine and Oncology

f BN DepthwiseConv f f1
’ ( { ( )})� � � ��1 1 11 1 � (VI)

f BN PointwiseConv f1 1
'' '( { ( )})� �1 � (VII)

f BN PointwiseConv f1 1� ( { ( )})’’�1 � (VIII)

The second innovation is the skip-fusion block, 
developed to enable more seamless feature fusion in the 
skip connections. Rather than a simple concatenation, 
this block first applies group convolution to features from 
the encoder and decoder paths, followed by pointwise 
convolutions to perform dense and efficient fusion.52

2.2. Dataset

This study utilized the FedBCa dataset, a publicly available, 
multi-center MRI collection curated specifically for BCa 
research.53,54 The dataset was compiled retrospectively 
under a waiver of informed consent granted by the ethics 
committees of four participating medical centers in China. 
It comprises 275  3D T2W MRI scans sourced from a 
final cohort of 228 patients (198 male, 30  females; mean 
age: 65.4  ± 11.2  years). Imaging was performed using 
scanners from multiple vendors (including Siemens, GE, 
and Philips) at 1.5T and 3.0T field strengths, reflecting 
real-world clinical heterogeneity. The dataset includes 
both non-muscle-invasive and muscle-invasive BCa 
cases, providing a representative distribution for clinical 
evaluation.

To ensure the highest annotation quality, all tumor 
labels were initially created on axial T2W sequences by a 
radiologist with 14 years of experience. These annotations 
were subsequently reviewed and, if necessary, refined by 
a second radiologist of equal experience. A  consensus 
protocol was employed to resolve discrepancies through 
discussion. The final inter-rater reliability was quantitatively 
validated with a DSC of 0.870 and an intraclass correlation 
coefficient of 0.988, indicating a high degree of agreement 
between annotators. For ease of use and to protect patient 
privacy, all images were fully anonymized and converted 
from their original DICOM format to the Nifti (.nii.gz) 
standard. The data were meticulously organized by center, 
preserving the distinct data distributions of each institution, 
thereby providing a realistic testbed for federated learning, 
domain adaptation, and generalization studies. Figure  5 
displays representative T2W imaging examples from the 
four centers included in the dataset.

2.3. Experimental setup

To ensure a fair and reproducible comparison, all 
experiments were conducted on a single, consistent 
computational platform. This approach eliminates 
hardware and software-related variables, ensuring that 

performance differences can be attributed solely to 
architectural design. The technical specifications were 
as follows: Ubuntu 24.04 operating system, an NVIDIA 
RTX 4090 graphics processing unit (GPU), an Intel Core 
i9-14900K central processing unit, and 64 GB of DDR5 
memory. All models were developed and evaluated 
using the PyTorch framework with CUDA 12.8 for GPU 
acceleration. To support reproducibility, the code used 
for training, evaluation, along with the trained model 
weights, is available from the corresponding author upon 
reasonable request.

2.4. Performance metrics

To quantitatively evaluate the performance of the 
segmentation models, a pixel-by-pixel comparison was 
performed between the model’s predicted segmentation 
map and the ground truth map. This comparison yielded 
four fundamental outcomes: a true positive (TP) refers 
to a pixel correctly identified by the model as part of the 
lesion; a false positive (FP) denotes a pixel erroneously 
identified as part of the lesion but actually belonging to the 
background; a true negative is a pixel correctly classified as 
background; and a false negative (FN) represents a pixel 
that belongs to the lesion but was missed by the model and 
classified as background. Based on these outcomes, the 
performance metrics were calculated.

IoU, also known as the Jaccard index, is one of the most 
widely used evaluation metrics in segmentation tasks. 
It measures the ratio of overlap between the predicted 
segmentation and the ground truth. Mathematically, it 
is calculated by dividing the area of intersection between 
the prediction and the ground truth by the area of their 
union. Its value ranges from 0 to 1, with values closer to 
1 indicating more accurate predictions. IoU provides 
a balanced measure of segmentation accuracy, as both 
FP and FN errors increase the union area while leaving 
the intersection area unchanged. The mathematical 
formulation of this metric, based on TP, FP, and FN, is 
presented in Equation IX.

IoU TP
TP FP FN

�
� �

� (IX)

The Dice coefficient, closely related to the F1-score, 
is another prevalent similarity metric, particularly in 
medical image segmentation. Like IoU, it quantifies the 
overlap between the predicted and ground truth masks. It 
is calculated as twice the area of intersection divided by 
the sum of pixels in both masks. The Dice coefficient also 
ranges from 0 to 1, with values approaching 1 indicating 
high similarity and successful segmentation. Although 
mathematically related to IoU, Dice scores are typically 
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slightly higher for the same prediction. The Dice coefficient, 
which measures the similarity between the predicted and 
ground truth masks, is calculated as shown in Equation X.

Dice TP
TP FP FN

�
�

� � �
2

2
� (X)

Sensitivity, alternatively referred to as recall or TP 
rate, quantifies the model’s ability to correctly identify 
actual positive cases (i.e., pixels belonging to a lesion). It 
represents the proportion of true lesion pixels correctly 
labeled by the model. Sensitivity is particularly important 
in medical diagnosis, where missing a lesion (i.e., a high 
FN rate) could have critical consequences. High sensitivity 
indicates a low probability of missing existing lesions, 
which is vital for early diagnosis and treatment. The 
formula for sensitivity is provided in Equation XI.

Recall sensitivity TP
TP FN

( ) �
�

� (XI)

Precision, also known as positive predictive value, 
quantifies the proportion of positive predictions made 
by the model that are actually correct. In other words, it 
represents the fraction of pixels identified as “lesion” that 
truly belong to the lesion class. A  high precision score 
indicates a low FP rate, which is especially important in 
clinical applications to prevent misclassifying healthy 
tissue as abnormal, thereby reducing unnecessary biopsies 
or treatments. Precision is calculated using the formula in 
Equation XII.

Precision TP
TP FP

�
�

� (XII)

2.5. Data preprocessing, partitioning, and 
augmentation

All 3D T2W MRI volumes were processed on a 2D slice-
by-slice basis. Before training, several preprocessing steps 
were applied. First, image intensities were normalized 

Figure 5. Representative magnetic resonance images and corresponding tumor masks from the multi-center bladder cancer dataset
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using Z-score normalization (subtracting the mean and 
dividing by the standard deviation of non-zero voxels) to 
standardize intensity ranges across scans. Subsequently, all 
slices and their corresponding masks were resampled to a 
uniform resolution of 256×256 pixels, ensuring consistency 
in model input dimensions.

To prevent data leakage and ensure robust model 
evaluation, the dataset was split at the patient level. The 
228  patients were randomly divided into training (70%; 
160  patients), validation (15%; 34  patients), and testing 
(15%; 34 patients) sets. Patient-level partitioning ensures 
that no slices from the same patient appear in more than 
one set. A fixed random seed was used during the split to 
enable reproducibility.

To enhance model robustness and generalizability, 
a comprehensive online data augmentation strategy 
was applied exclusively to the training set. This strategy 
incorporated diverse transformations, including random 
rotations (±15°), elastic deformations, horizontal flipping, 
random scaling (0.8–1.2×), random cropping (to 224×224 
pixels), Gaussian blur (σ: 0–1.5), Gaussian noise (mean: 
0, standard deviation: 0.02), and random adjustments to 
brightness, contrast, and gamma.

2.6. Training protocol and model selection

All network architectures were trained under a standardized 
protocol to ensure a fair and reproducible comparative 
analysis. For the optimization process, the AdamW 
algorithm was selected for its proven efficacy. Training 
hyperparameters were determined based on established 
best practices and empirical testing: a learning rate of 
1×10−5, a weight decay factor of 2×10−5, and a momentum 
of 0.9 were consistently applied across all models.

To address the inherent class imbalance in segmentation 
and optimize for spatial overlap, a composite loss function 
was employed, defined as the sum of BCE loss and Dice loss 
(L = L_BCE + L_Dice). This hybrid loss function provides 
a balanced optimization target, penalizing both pixel-
level classification errors and inaccuracies in boundary 
delineation.

Models were trained for a maximum of 300 epochs. To 
prevent overfitting and ensure the selection of the best-
performing model state, an early stopping mechanism 
was implemented. The training process was automatically 
halted if the DSC on the validation set did not improve 
for 20 consecutive epochs. For the final evaluation on the 
independent test set, the model weights corresponding to 
the epoch that achieved the highest validation DSC were 
selected. This rigorous procedure ensures that each model 
is evaluated at its optimal performance point.

3. Experimental results
This section presents a comprehensive quantitative evaluation 
of four distinct deep learning architectures—U-Net, 
CMUNet, AttU_Net, and CMUNeXt—for the task of BCa 
segmentation. Model performance was assessed using a 
wide array of metrics to evaluate segmentation accuracy, 
lesion detection capability, boundary delineation precision, 
and computational efficiency. The consolidated results are 
shown in Table 1.

The results summarized in Table  1 reveal that the 
CMUNet architecture delivers superior performance in 
segmentation accuracy for BCa. It achieved the highest 
scores in key overlap-based metrics, with an IoU of 
0.7033 and a Dice coefficient of 0.7937. This accuracy 
extends to the more clinically relevant task of lesion 
delineation, where CMUNet achieved an outstanding 
lesion F1-Score of 0.9521, indicating exceptional reliability 
in both identifying and precisely outlining tumor regions. 
Furthermore, its leading performance in distance-
based metrics, such as Hausdorff distance (8.4550  mm) 
and average symmetric surface distance (2.4066  mm), 
confirms that the segmentation boundaries it produces are 
significantly more congruent with the ground truth, which 
is critical for clinical applications, including treatment 
planning and volumetric assessment.

Table 1. Comparative performance evaluation of different 
models for bladder cancer segmentation

Parameter U_Net CMUNet AttU_Net CMUNeXt

IoU 0.6708 0.7033 0.6603 0.6554

Dice 0.7637 0.7937 0.7482 0.7547

Sensitivity 0.7776 0.8130 0.7488 0.8044

Precision 0.8175 0.8250 0.8380 0.7768

F1‑score 0.7637 0.7937 0.7482 0.7547

Accuracy 0.9967 0.9972 0.9968 0.9963

Specificity 0.9985 0.9986 0.9987 0.9981

Lesion sensitivity 0.9411 0.9579 0.9358 0.9656

Lesion F1‑score 0.8839 0.9521 0.9031 0.9192

Hausdorff distance (mm) 12.1977 8.4550 11.5668 12.5334

HD95 9.0538 6.4048 8.7746 9.3209

ASSD (mm) 3.2723 2.4066 3.2021 3.3388

Total inference time (s) 0.91 1.35 1.00 0.50

Avg. time per image (ms) 3.76 5.54 4.12 2.07

FPS 265.85 180.47 242.99 482.55

Abbreviations: ASSD: Average symmetric surface distance; 
AttU_Net: Attention U‑Net; Avg.: Average; CMUNet: Cross‑scale 
Mixer U‑Net; FPS: Frames per second; HD95: Hausdorff 95% 
percentile index; IoU: Intersection over union.
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A nuanced comparison across the models highlighted 
distinct performance profiles. While CMUNet 
demonstrated the best overall balance, other models 
showed specific strengths. For example, Attention U-Net 
recorded the highest precision (0.8380), although at the 
cost of lower sensitivity, while CMUNeXt achieved the 
maximum lesion sensitivity (0.9656). However, CMUNeXt’s 
lower lesion F1-score suggests that its high detection 
rate may be accompanied by less precise delineations or 
a higher number of frames per second (FPs). It is also 
noteworthy that while all models displayed exceptionally 
high pixel-wise accuracy and specificity, these metrics are 
less discriminative in this context due to the inherent class 
imbalance in medical images.

A clear trade-off between segmentation accuracy and 
computational efficiency was also observed. CMUNeXt 
distinguished itself as the most efficient architecture, capable 
of processing 482.55 FPS, making it a strong candidate for real-
time or high-throughput applications. In contrast, CMUNet, 
the most accurate model, was also the most computationally 
intensive, operating at 180.47 FPS. Therefore, the optimal 
model choice is application-dependent: for diagnostic 
scenarios where maximal precision and boundary fidelity 
are paramount, CMUNet is the superior option. Conversely, 
where processing speed is the primary constraint, CMUNeXt 
offers a compelling alternative.

To qualitatively evaluate the segmentation performance 
of the models in addition to the quantitative results, the 
predictions of all architectures on a representative test 
image were visually compared. All models were evaluated 
with the same test image to ensure a consistent and fair 
comparison. The resulting prediction masks (green) are 
presented side-by-side with the ground truth mask (red). 
As shown in Figure  6, CMUNet produced the closest 
match to the expert mask, particularly along the lumen-
facing border and the irregular basal interface, yielding 
a wide overlap region while preserving fine concavities. 
Attention U-Net remained conservative, tending to prune 
the ambiguous penumbral signal, which reduced small FPs 
but slightly under-segments the superior edge. CMUNeXt 
broadly recovered the lesion extent and was sensitive to 
faint tumor signal, yet it occasionally extended into adjacent 
mucosal folds, indicating a higher propensity for small FPs 
near textural transitions. The baseline U-Net tracked the 
main tumor core but smoothed thin protrusions and small 
satellite foci. These visual patterns reflect the quantitative 
results, where CMUNet leads in overlap and boundary 
quality, Attention U-Net shows stronger precision, and 
CMUNeXt demonstrates high lesion sensitivity.

To further assess model robustness and identify 
potential failure modes, a particularly challenging test 

case was selected for comparative visual analysis. This 
case presents a significant challenge for automated 
segmentation algorithms due to the low tissue contrast 
between the tumor and surrounding tissue, as well as 
the lesion’s poorly defined boundaries. As presented in 
Figure  7, even the top-performing model, CMUNet, 
exhibited certain inaccuracies in its prediction, struggling 
to perfectly delineate the tumor’s full extent. A  side-by-
side comparison revealed that all models faced difficulties 
with this specific example, each displaying varying degrees 
of under-segmentation or boundary inaccuracies. This 
qualitative analysis of a challenging case is crucial as it 
highlights the limitations of current models and the need 
for future improvements in handling images with low 
signal-to-noise ratios and ambiguous anatomical features.

As illustrated in Figure  7, this example exhibited low 
tissue contrast and poorly defined margins, with subtle 
intensity gradients between the tumor and the surrounding 
bladder wall. Even in this challenging context, CMUNet 
preserved the bulk of the lesion and captured heterogeneous 
interior signal, though it under-represented thin spicules 
at the periphery. Attention U-Net produced a compact 
and clean contour by suppressing equivocal regions, which 
limited over-segmentation, but omitted shallow extensions 
at the posterior wall. CMUNeXt detected more of the faint 
peripheral signal and highlighted potential submucosal 
spread, yet this came with spillover into edema-like areas 
and partial-volume zones. The baseline U-Net emphasized 
contiguous high-contrast areas and missed fragmented 
edges. Together, these failure modes illustrate known trade-
offs among sensitivity, precision, and boundary fidelity 
in low-signal, low-contrast conditions, aligning with the 
model-specific strengths reported in the quantitative 
results.

4. Discussion
The quantitative results provide deep insights into the 
architectural strengths and weaknesses of the evaluated 
models. The clear superiority of CMUNet in key accuracy 
and boundary metrics (IoU, Dice, Hausdorff distance, 
and average symmetric surface distance) suggests that its 
architecture achieves a more effective synthesis of local and 
global features essential for BCa segmentation. Its ability 
to maintain a robust balance between high sensitivity and 
high precision establishes it as a reliable, general-purpose 
model for this clinical task. While surpassed by CMUNet, 
the foundational U-Net provided a solid performance 
baseline, validating that the architectural enhancements in 
models like CMUNet offer tangible improvements.

This study’s most critical finding, however, is the 
clear demonstration that the optimal model choice is not 
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universal, but rather dictated by specific clinical utility 
and the evidentiary thresholds for a given task. This 
principle mirrors the established framework in biomarker 
development, where clinical value is determined not 
by a single performance metric but by the alignment of 
sensitivity–specificity profiles with specific diagnostic 
needs and the rigorous validation required for guideline 
adoption. For example, the CMUNeXt model, with 
its specialist high-sensitivity profile, is analogous to a 
screening biomarker, making it ideally suited for scenarios 
where minimizing FNs is the primary imperative, such 
as in pre-cystoscopy triage and surveillance imaging. 
Conversely, the Attention U-Net model functions as a 
high-precision specialist, akin to a confirmatory test. Its 
conservative yet accurate delineations are invaluable in 

workflows where avoiding FPs is paramount, such as in 
radiotherapy planning to minimize radiation toxicity and 
in surgical planning to ensure complete tumor capture. 
This strategic alignment of model performance with 
distinct clinical priorities represents a paradigm shift from 
seeking a single “best” model to developing a validated 
toolkit of specialized, application-specific solutions ready 
for prospective clinical integration.

An essential aspect of assessing the clinical viability 
of automated models is benchmarking their performance 
against human experts’ consistency. The inter-rater 
reliability for manual segmentations within our dataset 
was established at a high standard, with a DSC of 0.870. In 
comparison, our top-performing architecture, CMUNet, 

Figure 6. Qualitative comparison of U-Net-based segmentation models on randomly selected bladder-cancer lesions
Abbreviations: AttU_Net: Attention U-Net; CMUNet: Cross-scale mixer U-Net.
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achieved a DSC of 0.7937. This result indicates that while 
the automated model demonstrates robust and highly 
accurate performance, it does not yet surpass the level of 
agreement observed between two experienced radiologists. 
This finding positions the model as a powerful assistive 
tool, capable of generating reliable initial segmentations 
to accelerate clinical workflows and reduce inter-observer 
variability. However, it also underscores the continued 
importance of expert review and correction, particularly 
for challenging cases with ambiguous tumor boundaries, 
to ensure the highest diagnostic accuracy.

4.1. Generalizability and robustness

We assessed model generalizability and robustness using 
stratified internal validation within the available dataset. 
Training, model selection, and performance estimation 

were performed without sharing patients across splits, 
thereby reducing the risk of leakage. The resulting estimates, 
therefore, reflect internal validity only (test data) and should 
not be interpreted as evidence of performance across 
different institutions, vendors, or acquisition protocols.

Generalizability can be affected by distribution shifts 
originating from scanner hardware, pulse sequences, 
pulse reconstruction settings, local clinical workflows, 
and population characteristics. Given that an independent 
external cohort was not accessible in the present study, we 
were unable to test the model using data acquired at other 
sites or using different vendor platforms. Likewise, we did 
not run formal stress tests for common perturbations, such 
as motion, susceptibility artifacts, post-Bacillus Calmette–
Guérin (BCG) vaccine inflammation, hematuria, or partial 

Figure 7. Visual evaluation of UNet-based segmentation models on the most challenging bladder-cancer lesions
Abbreviations: AttU_Net: Attention U-Net; CMUNet: Cross-scale mixer U-Net.
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volume effects. As a result, performance under these 
conditions remains unknown.

From a deployment perspective, decision thresholds, 
calibration, and failure modes often change with a 
distribution shift. In the current study, operating points 
were selected using internal validation data. These 
operating points may require re-tuning when the model 
is applied in new environments. Therefore, we view the 
current results as a necessary first step that establishes 
internal reproducibility while recognizing that clinical 
utility depends on performance under external and 
potentially shifted conditions.

To strengthen generalizability in future work, we 
plan a staged validation program. First, we will perform 
external testing on a multi-center cohort that spans 
distinct institutions, vendors, and protocols. Second, we 
will conduct leave-one-site-out experiments to quantify 
site-level sensitivity. Third, we will include robustness 
evaluations that approximate clinical perturbations 
through controlled experiments, for example, simulated 
motion, susceptibility-related distortions, post-BCG 
inflammatory changes, hematuria-related signal, and 
partial volume scenarios. When full external data are not 
immediately available, we will complement these efforts 
with informative internal surrogates, including domain 
shift experiments, test-time augmentation, and uncertainty 
estimation using techniques such as Monte Carlo dropout. 
Together, these steps will provide a clearer picture of the 
model’s behavior under realistic clinical variation.

4.2. Limitations and future directions

This study has several limitations that define the scope 
of our conclusions. First, we did not perform external 
validation on an independent cohort, nor did we conduct 
leave-one-site-out analyses; therefore, generalizability 
to other institutions, vendor platforms, and protocols 
remains unknown. Second, we did not carry out robustness 
and stress tests against realistic perturbations, including 
motion, susceptibility, post-BCG inflammation, hematuria, 
and partial volume effects, which limits our ability to 
characterize failure modes and threshold stability. Third, 
we reported point estimates only and did not compute 
confidence intervals, run paired significance tests across 
models on the same cases, or apply corrections for multiple 
comparisons. Finally, operating points and calibration 
were derived from internal data and may require transfer 
calibration; in addition, variability in annotations and local 
workflows could introduce residual bias.

Future work will address these limitations along three 
axes. For validation, we will assemble external cohorts that 
diversify sites, vendors, and protocols, and we will include 

leave-one-site-out validation to quantify sensitivity to site-
level differences. For robustness, we will design targeted 
stress tests that emulate clinically relevant perturbations, 
and include internal surrogates when external data are not 
immediately available—such as controlled domain shift 
experiments, test time augmentation, and uncertainty 
estimation using techniques like Monte Carlo dropout. For 
statistical rigor and decision analysis, we will report patient-
level, stratified bootstrap 95% confidence intervals for all 
metrics; conduct paired non-parametric tests on per-case 
metrics with Holm or Benjamin–Hochberg adjustments 
for multiple comparisons; and include decision-analytic 
summaries (e.g., cost-sensitive analyses and decision curve 
analysis) that map sensitivity and precision to plausible 
clinical utilities for application-specific thresholds.

Furthermore, this study was confined to image-based 
analysis. The clinical management of BCa increasingly 
adopts a multifaceted approach that integrates diverse 
biomarkers. Urinary biomarkers provide a noninvasive 
avenue for detection and surveillance and serve as a critical 
complement to radiological imaging.55 Future research 
should therefore develop multimodal frameworks that 
integrate features extracted from deep learning-based image 
analysis with urinary biomarker data, pathology reports, 
and other clinical information. Such holistic models could 
yield more powerful and comprehensive decision support, 
improving both diagnosis and patient stratification.

5. Conclusion
This study conducted a descriptive comparative analysis of 
four U-Net architectures for the automated segmentation of 
BCa lesions on MRI images. Within this dataset, CMUNet 
achieved the highest point estimates for IoU (0.7033) and 
Dice (0.7937), suggesting competitive delineation quality 
relative to the alternatives. These findings support the view 
that deep learning can help address limitations of manual 
segmentation by providing more objective and efficient 
outputs, though we note that our evidence reflects internal 
validation only. A key insight is that the optimal architecture 
choice appears to be application-dependent rather than 
universal. In our experiments, CMUNeXt displayed a 
high-sensitivity profile that may be advantageous for triage 
and screening settings where minimizing FNs is critical. 
In contrast, Attention U-Net exhibited higher precision, a 
property better suited to treatment planning and response 
assessment, where boundary accuracy and the avoidance 
of FPs are paramount. Future work will prioritize external 
validation across diverse sites, vendors, and protocols, 
coupled with decision-oriented analyses that relate 
sensitivity and precision to plausible clinical utilities. These 
steps aim to translate the models into robust decision 
support systems that can enhance the management of BCa.
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