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Abstract— Autosomal dominant polycystic kidney disease (ADPKD) is a genetic disorder characterized by the
formation of numerous cysts, requiring accurate and automated methods for early diagnosis and monitoring. U-Net-
based deep learning (DL) models were used to improve kidney segmentation in magnetic resonance (MR) and
computed tomography (CT) images. The primary goal was to achieve accurate and efficient kidney segmentation,
which serves as a critical step in the diagnosis of ADPKD. The Swin-UNETR architecture, which aims to improve
segmentation accuracy using a Swin Transformer-based encoder capable of effectively modeling local and global
contexts, was employed. The model was trained and validated on a specialized dataset labeled by experts, and its
performance was evaluated using metrics such as the Dice similarity coefficient (DSC) and loss value. The results
demonstrate that the Swin-UNETR model achieves high segmentation accuracy with an average DSC exceeding 90%.
The three-dimensional segmentation outputs show that the kidney boundaries are preserved with high accuracy in
each slice and that the model successfully follows anatomical integrity. The multi-scale attention mechanisms of the
Swin Transformer-based architecture enhance segmentation accuracy by effectively modeling both local details and
global contextual relationships. This study demonstrates that the Swin-UNETR approach, which offers reliability and
reproducibility in the automatic kidney segmentation process, has clinically significant potential in the imaging-based
assessment of polycystic kidney disease. The proposed method is expected to increase diagnostic efficiency by
reducing manual intervention and contribute to the development of advanced clinical support systems.
Keywords— Autosomal dominant polycystic kidney disease, multi-scale attention mechanisms, segmentation,
Swin-UNETR.

INTRODUCTION

Autosomal dominant polycystic kidney disease (ADPKD) is a genetically inherited and progressive disease
characterized by the progressive development of multiple cysts within the renal parenchyma. Throughout the course
of the disease, the increase in the number and distribution of cysts leads to disruption of the normal anatomical
structure of the kidneys and the emergence of complex morphological appearances on imaging [1,2]. This situation
necessitates the accurate and reliable assessment of kidney structure using imaging methods in the diagnosis and
monitoring processes of ADPKD.

Advanced imaging techniques such as magnetic resonance imaging (MRI) and computed tomography (CT) enable
detailed three-dimensional examination of the kidneys and allow for objective analysis of the morphological effects
of the disease [3,4]. Kidney segmentation performed on these images is considered a fundamental step in determining
kidney boundaries and evaluating structural changes in a reproducible manner. However, manual segmentation
procedures are limited in their applicability in clinical practice due to the high level of expertise required, the time-
consuming nature of the process, and the variability between observers [5].

To overcome these limitations, deep learning-based automatic segmentation methods have been widely adopted in
recent years. Convolutional neural network architectures based on U-Net and its derivatives, in particular, have yielded
successful results in the segmentation of kidneys and kidney lesions [6-9]. However, these approaches mostly focus
on representations based on local features and may be insufficient in modeling long-range spatial relationships in cases
where cysts such as ADPKD significantly distort kidney anatomy [10].

Recent reports indicate that Transformer-based and hybrid architectures have achieved remarkable success in
medical image segmentation due to their ability to model both local details and global contextual information
simultaneously [11-13]. Among these architectures, Swin Transformer can effectively learn multi-scale contextual
information thanks to its hierarchical structure and sliding window-based attention mechanism. The Swin-UNETR
architecture combines these advantages with U-Net-like decoder structures, offering high-accuracy segmentation
potential in three-dimensional medical images [14].

This study presents a Swin-UNETR-based deep learning approach for automatically segmenting kidney structures
in MR and CT images of individuals diagnosed with ADPKD. The proposed method aims to consistently and
accurately determine kidney boundaries despite anatomical irregularities caused by cysts. The model was trained and
validated on a specialized dataset labeled by experts. This paper addresses only the problem of automatic kidney
segmentation; subsequent analysis steps such as volume calculation or prognosis estimation are beyond the scope of
this study.
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I. RELATED WORKS

Deep learning-based kidney segmentation has become a heavily researched area in medical image analysis in recent
years. The automatic segmentation of kidney anatomy in computed tomography (CT) and magnetic resonance (MR)
images, in particular, has been studied in numerous works due to its potential to reduce clinical workload and
standardize analysis processes. However, this problem becomes more complex in cases where cystic structures such
as ADPKD significantly irregularize kidney morphology.

U-Net and its derivatives are among the most widely used architectures in medical image segmentation, thanks to
their encoder—decoder structures and skip connection mechanisms. Isensee and Hein [6] demonstrated that the 3D U-
Net architecture can deliver high segmentation performance with various improvements. Similarly, Zhao et al. [7]
achieved successful results in kidney and kidney tumor segmentation using a multi-scale supervised 3D U-Net
approach. Studies such as Lin et al. [8] and Krishnan et al. [9] also addressed kidney and cystic lesion segmentation
problems using different U-Net variants.

While these approaches are effective, particularly in learning local tissue features, they can be limited in modeling
long-range spatial relationships in complex anatomies where cysts such as ADPKD irregularize kidney boundaries. This is
attributed to the inability of convolutional-only architectures to adequately represent global context information.

Studies conducted specifically on ADPKD have generally focused on the accurate segmentation of kidneys and
cystic structures. Shin et al. [5] demonstrated that an expert-level segmentation performance can be achieved in
polycystic kidney and liver volume measurements using a deep learning-based approach. Kim et al. [10] proposed a
deep learning-based method for the automatic segmentation of kidneys and exophytic cysts in individuals with ADPKD. Goel et
al. [3] developed a clinically usable automatic segmentation system for polycystic kidney disease in MR images.

While these studies demonstrate that automatic analysis of ADPKD images is possible, they are mostly based on
CNN-based architectures. Given the density and irregular distribution of cystic structures, it has been reported that
such architectures cannot consistently preserve anatomical integrity in all cases.

In recent years, Transformer-based architectures have emerged as a compelling alternative in medical image
segmentation due to their ability to model long-range dependencies. Lee et al. [11] proposed the 3D UX-Net
architecture, which combines large-core convolutional layers with Transformer-like hierarchical structures, and
achieved competitive results in various medical segmentation tasks. Zhang et al. [12] improved performance in abdominal organ
segmentation with a multi-purpose segmentation model that combines global and local information in parallel.

In the context of kidney segmentation, it has been reported that Transformer-based approaches have the potential
to improve boundary consistency, particularly in complex anatomical structures. Dual-task kidney MRI segmentation
studies [13] demonstrate that Transformer-based architectures can learn effective representations for both kidney and
related tasks. Fan et al. [14] proposed a three-dimensional segmentation approach based on Swin Transformer,
emphasizing the importance of multi-scale contextual information in medical volume segmentation.

A review of the current literature reveals that studies on automatic kidney segmentation specifically for ADPKD
largely rely on CNN-based architectures, while approaches based on Transformers or Swin Transformers have been
addressed only to a limited extent. Furthermore, it is noteworthy that approaches capable of modeling both local
anatomical details and global contextual relationships on three-dimensional images have not been sufficiently
investigated in the context of ADPKD.

This study aims to achieve consistent and highly accurate segmentation despite the anatomical irregularities caused
by cysts by adapting the Swin-UNETR architecture to the kidney segmentation problem in MR and CT images of
individuals with ADPKD. Thus, the study aims to bridge the gap between existing CNN-based approaches and
Transformer-based methods and contribute to the literature on the automatic analysis of ADPKD images.

Il. MATERIALS AND METHODS

A. Dataset and clinical annotations

In this study, imaging data from patients diagnosed with ADPKD at Antalya Training and Research Hospital were
used. In order to examine the polycystic kidney structure in detail, abdominal CT and MR images of individuals with
ADPKD were included in the study. These imaging modalities allow for the evaluation of the three-dimensional
anatomical structure of the kidneys, enabling a detailed analysis of the effects of polycystic formations on kidney
morphology. The images used consist of three-dimensional volumetric data including coronal, sagittal, and axial
planes. Each volumetric image is separated into sequential two-dimensional slices, allowing for layered examination
from different angles. This structure contributes to a more consistent assessment of kidney boundaries and
morphological features.

3D abdominal input Ground-truth mask

Fig. 1 Data annotation process.
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A total of 141 patient image datasets were used in the study. Sequences consisting of an average of 80 slices from
each patient's images were included in the labeling process. The ground truth masks used for kidney segmentation
were created manually by radiology specialists. During the labeling process, kidney structures were marked in mask
format using the Medical Imaging Interaction Toolkit (MITK) software as demonstrated in Fig 1. The acquired kidney
masks and corresponding images were saved in NIfTI (.nii) format and anonymized to protect patient privacy. The
entire dataset was used to address a challenging kidney segmentation problem such as ADPKD, where boundary
uncertainties increase due to cystic structures and anatomical variations are pronounced.

B. Pre-processing

The CT and MRI images underwent a series of preprocessing and data augmentation steps before being fed into the
deep learning model. First, all images and their corresponding ground truth segmentation masks were loaded and
converted into single-channel volumetric data. To reduce spatial inconsistencies arising from different imaging
protocols, all volumes were resampled to a fixed voxel size, and their anatomical orientations were transformed to the
RAS (Right-Anterior-Superior) coordinate system.

Image intensity values were normalized, considering Hounsfield units, which are commonly used in CT images. In
this context, intensity values were clipped within a specific range and scaled to the [0,1] range. Subsequently,
foreground-based clipping was applied to eliminate background regions in the images and ensure the model focused
on the region of interest.

During model training, fixed-size three-dimensional patches were randomly sampled from volumetric data to
increase memory efficiency and make more effective use of local context information. This process was performed in
a way that balanced regions containing kidneys (positive) and those without kidneys (negative).

To improve the model's generalization ability, limited data augmentation techniques were applied during the
training phase. In this context, random intensity shifts, small angular rotations, and scaling operations were added to
the images. All preprocessing and data augmentation steps were applied together while preserving the spatial
consistency between the images and segmentation masks.

C. Deep Learning Model

In this study, the Swin-UNETR architecture based on the Swin Transformer was used to address a challenging
segmentation problem where anatomical variations are prominent and organ boundaries are irregular, such as in
ADPKD. Swin-UNETR is a hybrid deep learning architecture designed for three-dimensional volumetric images,
aiming to effectively model global contextual relationships while preserving local details [11].

The Swin-UNETR architecture has an encoder—decoder structure. In the encoder section, hierarchical Swin
Transformer blocks are used to transform the input volume into multi-scale representations. This structure enables the
learning of long-range contextual relationships while keeping computational costs under control by applying a shifted
window self-attention mechanism within fixed-size windows [15]. Working on three-dimensional images, this
mechanism contributes to modeling the holistic structure of organs with extensive spatial coverage, such as the kidney.
The model architecture is shown in Fig 2.

The multi-scale feature maps obtained from the encoder are progressively merged in the decoder section, and spatial
resolution is gradually recovered. Skip connections used throughout the decoder path enhance boundary sensitivity
by combining low-level spatial details with high-level semantic information. This structure enables more consistent
segmentation outputs in the face of irregular boundaries and shape variations commonly encountered in polycystic
kidneys.

Swin-UNETR's multi-scale attention mechanisms aim to overcome the limitations arising from the restricted
receptive fields of classical convolution-based architectures by enabling the joint modeling of both local tissue features
and global anatomical context. In this regard, the architecture offers a powerful alternative for improving segmentation
accuracy in cases involving complex kidney morphologies such as ADPKD [11, 16].
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Fig. 2 Swin UNETR model architecture.

https://mswmanagementj.com/
2042



MSW MANAGEMENT -Multidisciplinary, Scientific Work and Management Journal
ISSN: 1053-7899
Vol. 35 lIssue 2, 2025, Pages: 2040-2045

I11. EXPERIMENTS AND RESULTS
A. Training Details

The proposed Swin-UNETR model was trained using the PyTorch-based MONAI library. During training, fixed-
size patches randomly sampled from three-dimensional volumetric images were used. This approach was chosen to
increase memory efficiency and enable the simultaneous learning of local and global context information.

The dataset was split into training and test subsets based on patients. In this context, data from 111 of the 141
patients were used for training, and data from 30 patients were used for testing. The model was trained end-to-end
using the AdamW optimization algorithm. The training process was carried out over a total of 40,000 iterations, and
the learning rate was kept constant. During training, a Dice-based loss function was used to improve segmentation
performance. There was no overlap between patients in the training and test sets.

In the quantitative evaluation of model performance, the Dice Similarity Coefficient (DSC), commonly used in
medical image segmentation studies, has been used as the primary metric. DSC enables the evaluation of the model's
segmentation accuracy by measuring the overlap ratio between the predicted segmentation and the ground truth mask.
Additionally, the model's convergence behaviour during the training process was monitored through loss values. All
evaluation results were reported on the test dataset.

B. Quantitative results

The results obtained show that the model performs segmentation with high accuracy despite challenging anatomical
variations and irregular kidney boundaries. In the evaluation performed on the test dataset, the proposed approach
achieved an average DSC value of 0.9347, and the loss value calculated at the end of the training process was reported
as 0.478 as shown in Table 1.

TABLE |
QUANTITATIVE RESULTS OF THE MODEL
Dataset Iteration DSC Loss
Our Model 40000 0.9347 0.478
Flare 40000 0.9223 0.457

To further assess the generalization capability of the proposed model, the same architecture was trained and
evaluated on the FLARE dataset. FLARE is a publicly available multi-organ abdominal CT dataset designed for
benchmarking organ segmentation methods. Compared to the custom ADPKD dataset, FLARE includes anatomically
normal kidneys and a broader range of abdominal structures, providing a complementary evaluation scenario for
assessing model generalization. The model achieved a DSC of 0.9223 with a corresponding loss value of 0.437,
demonstrating competitive segmentation performance on an external public dataset. These results indicate that the
proposed approach is able to generalize beyond the custom ADPKD dataset and maintain robust performance under
different data distributions and imaging characteristics.

Visualization of the expert label (ground truth) and model prediction for different slices in a case is given in Fig 3.
When examining the three-dimensional segmentation outputs, it was observed that the model was able to consistently
follow the kidney boundaries in all sections and preserve anatomical integrity. Even in shape distortions caused by
cyst formations, it was seen that the multi-scale attention mechanisms offered by the Swin Transformer-based encoder
effectively modeled both local details and global contextual information. This contributed to a significant reduction
in boundary uncertainties frequently encountered in traditional convolution-based approaches.

case_0001 | Slice 66 (Axis 2) case_0001 | Slice 72 (Axis 2)

Label Overlay Prediction Overlay Label Overlay Prediction Overlay

Label Overlay

Label Overlay

Fig. 3 Visualization of the expert label (ground truth) and model prediction for different slices in a case.

The high DSC value obtained demonstrates that the proposed method can produce reliable and reproducible results
in kidney segmentation problems with complex morphologies such as ADPKD. The results show that the Swin-
UNETR architecture is a strong candidate for automatic kidney segmentation on clinical images.
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IV. DISCUSSION

In this study, the Swin-UNETR architecture was used for automatic kidney segmentation in CT and MRI images
of individuals diagnosed with ADPKD, yielding highly accurate results. The DSC value of 0.9347 reported on the test
dataset demonstrates that the proposed approach can perform reliable segmentation despite the irregular boundaries
caused by cysts and high anatomical variation.

In kidneys with ADPKD, the normal anatomical structure is significantly disrupted, and the kidney boundaries
become indistinct due to heterogeneous cystic structures. This poses a significant challenge for classical convolution-
based segmentation models. The results obtained reveal that the multi-scale window-based attention mechanisms
offered by the Swin Transformer-based encoder can model both local boundary details and the overall geometric
structure of the kidney. Thus, more consistent segmentation outputs have been obtained compared to methods based
solely on local tissue features. Examination of the 3D segmentation outputs across slices demonstrates that the model
preserves anatomical continuity and can produce consistent boundaries between adjacent slices. This feature is
critically important for accurately modeling the contextual relationship between consecutive slices, particularly in 3D
volumetric data.

In the literature, 3D U-Net and its derivatives are commonly used for the segmentation of kidneys and kidney
lesions [6, 10, 15, 17]. Although studies based on nnU-Net and multi-scale 3D U-Net have achieved successful results
on standard datasets, performance drops have been reported in morphologically complex diseases such as ADPKD [5,
10]. Especially in cases where cysts irregularize kidney boundaries, purely convolution-based approaches fail to
adequately capture the global context. With the recent adoption of Transformer-based architectures in medical image
segmentation, it has been demonstrated that long-range dependencies can be modeled more effectively. Swin-UNETR
combines a hierarchical Transformer structure with a U-Net-like decoder, ensuring that both the global context and
local details are learned in a balanced manner. The high DSC value obtained in this study supports that Transformer-
based approaches offer a significant advantage in challenging clinical scenarios such as ADPKD.

The automatic and highly accurate kidney segmentation offered by the proposed method has the potential to reduce
the need for manual segmentation in clinical imaging workflows. Considering that manual segmentation processes are
time-consuming and subject to observer variability, such automatic approaches can be considered an important
component for clinical decision support systems. This study focuses solely on the kidney segmentation problem,
excluding advanced operations such as separate segmentation of cysts or volumetric analysis. This choice aims to
examine the basic segmentation performance of the proposed method in isolation and to clearly demonstrate the
effectiveness of the architecture in this challenging problem.

V. CONCLUSIONS

In this study, a deep learning approach based on Swin-UNETR is presented for ADPKD. Despite the irregular and
complex kidney morphology caused by cyst formation, the proposed method was able to produce highly accurate and
consistent segmentation outputs on three-dimensional images. An important aspect of this study is that it was
performed on a single-center, specially created clinical dataset consisting of a limited number of patients. Unlike large-
scale, publicly available datasets, this dataset reflects the high anatomical variation and advanced cystic deformities
encountered in real clinical settings. The high segmentation accuracy achieved under such data-constrained conditions
demonstrates the robustness of the proposed approach and its adaptability to practical clinical applications.

This study focused solely on the problem of automatic kidney segmentation, excluding advanced processes such as
separate cyst segmentation or volumetric analysis from the evaluation. This approach allowed for an isolated
examination of the basic segmentation capabilities of the proposed architecture. Future studies aim to produce more
detailed outputs in the field of ADPKD and integrate segmentation outputs into clinical decision support systems.
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