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Abstract
Objective

Urolithiasis is a common condition in urological practice, and accurate imaging is essential for proper
diagnosis and management. Computed tomography (CT) is widely accepted as the gold standard for
evaluating kidney stones due to its high sensitivity in assessing stone location, size, and morphology.
However, manual interpretation of CT images is time-consuming and subject to observer-dependent
variability. This study aimed to develop a deep learning—based model for automatic kidney stone
segmentation and size estimation from CT images and to integrate this model into a web-based clinical
decision support system.

Methods

An open-access dataset consisting of 3,584 CT images and corresponding kidney stone segmentation
masks was used. The dataset was divided into training (70%), validation (20%), and test (10%) subsets.
Image preprocessing and model development were performed using Python and the TensorFlow
framework. A U-Net + + architecture was employed for kidney stone segmentation. Model training was
conducted in the Google Colab environment. Stone size estimation was performed using the equivalent
circular diameter method based on the segmented stone area. Model performance was evaluated using
Precision, Recall, Precision—Recall Area Under the Curve (PR-AUC), Intersection over Union (loU), and
Dice/F1-score metrics. The trained model was additionally deployed via a web-based interface to
demonstrate potential clinical applicability.

Results

On the test dataset, the proposed model achieved a PR-AUC of 90.58%. The Dice/F1-score and loU
values were 82.10% and 69.63%, respectively. Precision and Recall were 76.66% and 88.36%. Qualitative
evaluation demonstrated accurate localization and segmentation of kidney stones, including small
calculi.

Conclusion

This study presents an effective deep learning—based approach for automated kidney stone
segmentation and size estimation from CT images. The favorable quantitative results and consistent
visual performance suggest that the proposed system may support clinical decision-making by reducing
workload and improving diagnostic consistency in routine urological practice.

Introduction
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Kidney stone disease is one of the most common urological disorders worldwide and represents a
significant public health burden due to its high prevalence and recurrence rate. The disease may present
with acute renal colic, hematuria, urinary tract infections, and, in advanced cases, obstructive uropathy
leading to loss of renal function. Owing to its frequent acute presentation, urolithiasis accounts for a
substantial proportion of emergency department admissions, making rapid and accurate diagnosis
essential for effective clinical management [1-3]. Non-contrast computed tomography (NCCT) is
currently regarded as the gold standard imaging modality for the evaluation of kidney stones, owing to
its high sensitivity and specificity in detecting calculi, as well as its ability to accurately assess stone
size, location, density, and anatomical relationships [4, 5]. Despite these advantages, manual
interpretation of NCCT images remains time-consuming and prone to inter-observer variability. Factors
such as increased workload, limited availability of experienced radiologists, and time pressure,
particularly in emergency settings, may adversely affect diagnostic accuracy. [6]. Moreover, small stone
size, low-contrast appearance, and complex anatomical variations can further contribute to missed or
misinterpreted findings in routine clinical practice [7].

These limitations have prompted growing interest in automated and reliable tools to support radiological
assessment. In recent years, artificial intelligence (Al), particularly deep learning—based approaches
using convolutional neural networks (CNNs), has demonstrated remarkable performance in medical
image analysis tasks, including classification, detection, and segmentation [8, 9] Several studies have
applied Al-based techniques to kidney stone detection and segmentation on NCCT images, reporting
encouraging diagnostic performance and potential reductions in clinical workload [10, 11]. However,
many previously published studies are limited by small sample sizes, single-center datasets, class
imbalance, and insufficient consideration of clinical integration and real-time applicability [12, 13]. In
addition, issues related to model explainability and deployment within clinical decision support systems
have often been inadequately addressed. More recent investigations suggest that deep learning models
trained on large, diverse datasets and designed with practical clinical workflows in mind may yield more
robust and generalizable results [14].

Therefore, the present study aimed to develop a deep learning—based model for the automatic
segmentation and size estimation of kidney stones from NCCT images using a large open-access
dataset. Furthermore, the trained model was integrated into a web-based clinical decision support
system to facilitate practical deployment and to support diagnostic decision-making in routine urological
practice.

Materials and Methods
Dataset and Study Design

In this study, a deep learning—based approach was developed for the automatic segmentation of kidney
stones from computed tomography (CT) images. The dataset consisted of CT images paired with
corresponding binary segmentation masks indicating stone regions. Data organization and processing
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were performed in accordance with recommended best practices for medical image analysis to ensure
reproducibility and methodological transparency [8].

Input data included common raster image formats (PNG, JPG, TIFF) and DICOM (.dcm) files. For DICOM
images, pixel intensities were normalized using VOI-LUT transformation and subsequently converted into
a three-channel representation compatible with the model input. This preprocessing step aimed to
reduce intensity variability arising from different CT acquisition protocols [15].

To minimize data leakage and improve patient-level generalizability, a group-based data splitting strategy
was applied whenever patient-related identifiers could be inferred. This ensured that images originating
from the same patient were not distributed across training, validation, and test subsets simultaneously.
The dataset was divided into training (70%), validation (20%), and test (10%) sets, following commonly
accepted practices in medical artificial intelligence studies [12].

Model Architecture

Kidney stone segmentation was performed using a U-Net + + architecture. Compared to the classical U-
Net, U-Net + + employs nested skip connections that enable more effective multi-scale feature
aggregation, which is particularly advantageous for segmenting small and low-contrast targets [16].

An ImageNet-pretrained EfficientNet-B3 backbone was used as the network's encoder. EfficientNet
architectures are widely adopted in medical imaging due to their favorable balance between parameter
efficiency and strong feature extraction capability [17]. Dropout was applied in the decoder pathway to
reduce overfitting. The overall model architecture is illustrated in Fig. 1.

Preprocessing, Data Augmentation, and Mixing Strategies

All images were resized to match the model input dimensions while preserving the original aspect ratio
using a letterbox/padding approach. Images were then normalized using ImageNet mean and standard
deviation values before model ingestion.

To enhance robustness against variations in acquisition conditions and anatomical appearance, strong
data augmentation was applied during training. Augmentation techniques included random brightness
and contrast adjustment, noise injection, gamma correction, perspective transformation, elastic
deformation, and horizontal and vertical flipping. Such augmentation strategies have been shown to
improve generalization performance in medical image segmentation tasks substantially [18].

To further mitigate class imbalance and reduce overfitting, probabilistic MixUp and CutMix data-mixing
strategies were applied during training. These approaches increase sample diversity and encourage
smoother decision boundaries, contributing to more stable and generalizable learning. [18]
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Training Configuration and Overfitting Prevention

Model training was conducted using the PyTorch framework, with AdamW employed as the optimization
algorithm. To control overfitting, weight decay, gradient clipping, and early stopping were applied.
Learning rate scheduling was performed using CosineAnnealingWarmRestarts, and Stochastic Weight
Averaging (SWA) was applied during the later stages of training to improve generalization by averaging
model weights across epochs [19].

Automatic Mixed Precision (AMP) was utilized throughout training to improve computational efficiency
and reduce memory consumption. During validation, the probability threshold used to binarize the
segmentation output was not fixed; instead, a threshold sweep was performed on the validation set to
identify the value that maximized the Dice (F1) score. This strategy is particularly appropriate for
segmentation problems with imbalanced pixel distributions [20].

Testing and Evaluation Metrics

Model performance was evaluated exclusively on the held-out test set. During inference, predictions
were enhanced using test-time augmentation (TTA), where horizontally and vertically flipped versions of
each image were processed, and the resulting probability maps were averaged. This approach improves
prediction stability and robustness [21].

Segmentation performance was assessed using pixel-level Dice (F1-score) and Intersection over Union
(loU) metrics, as well as ROC and precision—recall (PR) curve—based area under the curve (AUC) values.
These metrics are widely accepted for evaluating segmentation quality, particularly for small target
structures such as kidney stones [22)].

To generate clinically interpretable outputs, a subset of positive test cases was visualized by overlaying
predicted masks, contours, bounding boxes, and equivalent circular diameter measurements onto the
original CT images.

Web-Based Application

The developed segmentation model was deployed as a web-based clinical decision support tool
(www.kidney-stone-segmentation.com) to facilitate practical use scenarios. The application allows users
to upload CT images and receive real-time model outputs through an interactive interface. Uploaded
images are processed using the same preprocessing pipeline as in training, and the model outputs
probability maps and binary segmentation masks. Results are displayed visually with stone contours and
measurement annotations. To ensure safe clinical use, the interface includes a disclaimer stating that
the system does not replace physician judgment. An example screenshot of the web interface is shown
in Fig. 2.
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Results

The quantitative performance of the proposed kidney stone segmentation model is summarized in
Table 1, which reports the precision, recall, PR-AUC, Dice (F1), and loU values obtained on the
independent test set. The model achieved 76.66% precision and 88.36% recall, indicating high sensitivity
for kidney stone detection. The PR-AUC of 90.58% demonstrates strong discriminative performance
under class-imbalanced conditions, as shown in the precision—recall curve in Fig. 3. In terms of spatial
overlap, the model yielded a Dice (F1) score of 82.10% and an loU of 69.63%, reflecting accurate pixel-
wise agreement between predicted masks and ground truth annotations. Representative qualitative
examples of kidney stone segmentations overlaid on CT images are presented in Fig. 4, further
supporting the quantitative results.

Table 1
Performance metrics of the model

Precision Recall PR-AUC (%) Dice(%) loU (%)
(%) (%)
76,66 88,36 90,58 82,10 69,63

Discussions

In this study, a deep learning—based framework was developed for the automatic segmentation of
kidney stones from non-contrast computed tomography (NCCT) images, and its performance was
evaluated using both pixel-level overlap metrics and precision—recall-based measures. The results
demonstrate that the proposed model achieves a favorable balance between sensitivity and
segmentation accuracy, supporting its potential as a clinically relevant decision-support tool. In
particular, the high PR-AUC value highlights the model’s robustness to substantial class imbalance, a
common characteristic of kidney stone segmentation tasks in which stone pixels represent only a small
fraction of the image [8].

Non-contrast CT remains the imaging modality of choice for evaluating nephrolithiasis due to its
superior sensitivity and detailed anatomical depiction [23]. However, accurately interpreting NCCT
images can be challenging in routine clinical practice, especially in high-workload environments and
emergency settings. Small stones, low contrast relative to surrounding tissues, and complex anatomical
variations may increase the likelihood of missed or inconsistent detections [6]. In this context,
automated segmentation methods can provide consistent and objective delineation of stone regions,
potentially reducing inter-observer variability and supporting radiologists during image interpretation.

Several deep learning—based approaches for kidney stone detection and segmentation have been
reported in recent years. Prior studies have explored convolutional neural network—based frameworks
for automated stone detection, volumetric segmentation, and stone burden assessment on CT images,
reporting encouraging diagnostic performance [10, 11, 24]. More recent work has investigated advanced
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architectures, including hybrid and attention-based models, to improve robustness and segmentation
accuracy further [25, 26]. Compared with these approaches, the present study demonstrates competitive
performance, particularly in precision—recall-based evaluation, which is increasingly recognized as a
more informative metric than ROC-based measures in highly imbalanced medical imaging problems [27].

Beyond algorithmic performance, the clinical utility of artificial intelligence systems depends on their
robustness, generalizability, and ease of integration into existing workflows. Previous methodological
reviews emphasize that strong internal validation results alone are insufficient for clinical adoption, and
that external validation and real-world testing are critical next steps [28, 29]. In the present study,
integrating the segmentation model into a web-based interface represents an initial step toward practical
deployment, enabling real-time visualization of segmentation outputs and facilitating interaction with
end users in a clinical context.

Explainability and transparency are also increasingly recognized as key determinants of clinician trust in
artificial intelligence—based systems. Although the current work focuses primarily on segmentation
performance, future incorporation of explainable Al techniques, such as saliency maps or gradient-based
visualization methods, may further enhance interpretability and support clinical acceptance [29, 30]. In
addition, recent methodological studies highlight that combining overlap-based metrics with precision—
recall-oriented evaluation provides a more comprehensive assessment of segmentation performance,
particularly for small target structures such as kidney stones [27].

Several limitations of this study should be acknowledged. First, the model was evaluated on an internal
test dataset derived from publicly available imaging sources, which may not fully capture the variability
encountered in routine clinical practice. Second, the current framework focuses on binary stone
segmentation and does not explicitly address clinically relevant attributes such as stone composition,
anatomical location, or volumetric burden. Finally, although a web-based deployment was implemented,
prospective and multicenter validation studies are required to assess the model’s real-world impact and
generalizability.

Conclusion

In this study, a deep learning—based approach was developed for the automatic segmentation of kidney
stones from non-contrast computed tomography (NCCT) images. It demonstrated robust performance
on the internal test dataset, with reliable pixel-level delineation and strong discriminative capability under
class-imbalanced conditions. The deployment of the model as a web-based application (www.kidney-
stone-segmentation.com) represents an important step toward clinical translation by enabling real-time
visualization of segmentation outputs through an accessible interface. Although external validation and
prospective multicenter studies are required to confirm its generalizability and clinical impact, the results
of this study suggest that artificial intelligence—driven segmentation systems have the potential to
support radiological assessment and enhance urological diagnostic workflows.
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U-Net++-based kidney stone segmentation model with an EfficientNet-B3 encoder.
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Screenshot of the web-based kidney stone segmentation interface (www.kidney-stone-
segmentation.com).
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Figure 4

Overlaid CT image
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