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U-Net segmentation of the kidney on noncontrast CT for kidney
stones location: a deep learning model for Mexican patient
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This work presents the implementation of convolutional neural networks for the automated detection and segmentation of kidney stones
in non-contrast computed tomography (CT) medical images from patients of the Mexican Institute of Social Security (IMSS). A U-Net
architecture was employed to segment the kidneys and delineate regions of interest in high-resolution CT slices, with ground truth annotations
provided by medical specialists. The model was trained and validated on a curated dataset representative of the Mexican population, achieving
a Dice similarity coefficient of0.9808 ± 0.038, an IoU of0.9623 ± 0.0073, and a validation loss of0.0040 ± 0.008 in five-fold cross-
validation. The proposed system demonstrated rapid convergence and excellent agreement with manual segmentations, confirming its utility
as a reliable diagnostic aid for kidney stone detection in clinical practice.
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1. Introduction

Renal lithiasis is one of the most prevalent urological con-
ditions in the Mexican population, with significant clinical
impact due to potential complications such as urinary tract in-
fections, nephritic colic, hematuria, and chronic kidney fail-
ure. In regions such as Yucatán, its prevalence is particu-
larly high, associated with factors including dietary habits,
climate, high water hardness, and a high incidence of obesity
[12,13]. This epidemiological context underscores the need
for accurate and efficient diagnostic tools to enable timely
detection of urinary stones.

Non-contrast computed tomography (CT) has become the
gold standard for diagnosing kidney stones due to its high
sensitivity and specificity in detecting calculi of various sizes
and compositions, as well as its ability to localize them pre-
cisely within the urinary tract [15]. However, CT imaging
also presents limitations related to cost, availability, and pa-
tient exposure to ionizing radiation.

Traditionally, CT image analysis is performed manually
using specialized software that allows axial slice visualiza-
tion in DICOM format. These tools enable contrast adjust-
ment, precise measurement of stone size and density, and
manual inspection of each image. However, this process is
highly dependent on the specialist’s experience and is often
time-consuming, subjective, and prone to error.

Convolutional neural networks (CNNs) have demon-
strated outstanding performance in medical image analysis,
particularly in classification and segmentation tasks, by en-

abling automated identification of anatomical structures and
lesions with high precision [18]. Architectures such as U-
Net (Fig. 1) have been widely adopted in both magnetic res-
onance and computed tomography applications. Moreover,
transfer learning has made it possible to use pretrained mod-
els to improve performance in data-limited clinical environ-
ments [19].

The integration of these technologies into clinical work-
flows is not intended to replace medical expertise, but rather
to provide support tools that reduce workload, minimize

FIGURE 1. Architecture of the U-Net convolutional neural network
implemented in this study.
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inter-observer variability, and enhance diagnostic accuracy.
In this context, the application of CNNs in renal lithiasis de-
tection represents a meaningful step toward clinical automa-
tion and improved patient care.

Recent studies have explored deep segmentation net-
works, including U-Net and its variants, for the detection of
kidney stones in non-contrast CT scans, reporting promising
Dice similarity coefficients [20,21]. However, most of these
studies are based on public or non-Mexican datasets, which
may not reflect the anatomical or epidemiological charac-
teristics of Mexican patients particularly those in advanced
stages, where stones are larger and more obstructive [12].
Furthermore, segmenting isodense calculi-stones with atten-
uation values similar to adjacent tissue-remains a persistent
challenge for standard CNNs, often requiring shape-aware
segmentation strategies [22].

Given these limitations, there is a growing need for
context-aware models specifically trained on local clinical
data. This study proposes a U-Net-based model trained on
non-contrast CT images from Mexican patients, with annota-
tions performed by urology specialists and validated through
manual segmentation. The aim is to automate the detec-
tion and measurement of renal calculi, standardize diagnostic
workflows, and reduce dependence on subjective clinical in-
terpretation.

Beyond mere detection, volumetric segmentation of renal
calculi provides valuable quantitative information for clini-
cal management. Accurate estimation of stone volume has
been shown to predict treatment outcomes, recurrence risk,
and to inform decisions regarding the choice of surgical inter-
vention or medical therapy, as recommended by contempo-
rary urological guidelines [1]. Automated volumetric assess-
ment therefore represents a key step toward personalized and
evidence-based patient care in the management of urolithia-
sis.

FIGURE 2. Axial CT slice labeled by medical specialists, showing
the location of a renal calculus. Stone size and composition were
confirmed post-extraction, allowing accurate annotation for model
training.

2. Methodology

The data used in this study consisted of non-contrast com-
puted tomography (CT) images provided by IMSS, which
represent the current gold standard for the diagnosis of renal
calculi due to their superior sensitivity and specificity. Each
scan was acquired with a field of view (FOV) of500mm ×
500mm and a reconstruction matrix of512×512 pixels. Ax-
ial slices were obtained with a thickness of1mm, ensuring
high spatial resolution for precise kidney and stone localiza-
tion. All images were stored in DICOM (Digital Imaging and
Communications in Medicine) format.

A total of 521 images were included in the dataset, of
which 416 were used for training and 105 for validation. The

FIGURE 3. a) Original axial CT image without preprocessing. b)
Image after contrast adjustment to enhance the visibility of soft tis-
sues and high-density structures.
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split was performed randomly to ensure a representative dis-
tribution of cases in both sets. No external test set was used
in this work.

The images were labeled by medical specialists, who
identified the maximum stone length in the axial slices of
each study (Fig. 2). The algorithm was applied exclusively
to the subset of CT slices corresponding to the anatomical re-
gion containing the kidneys, as identified and selected by the
medical specialists. This targeted approach ensured that the
analysis focused only on the relevant portion of each study,
excluding slices outside the renal area.

To optimize model training, all selected images un-
derwent contrast adjustment using an adaptive CLAHE
(Contrast Limited Adaptive Histogram Equalization) fil-
ter, enhancing tissue visualization and highlighting relevant
anatomical structures (Fig. 3).

2.1. Python packages

The programming and model development were performed
in Python 3.9. The following main libraries were employed:

• NumPy: For numerical computations and array ma-
nipulations.

• OpenCV: For image processing and contrast adjust-
ment.

• Pydicom: For reading and handling DICOM medical
images.

• PyTorch: For building and training the U-Net convo-
lutional neural network.

• Matplotlib: For plotting results and training curves.

• ITK-SNAP: For manual segmentation (software, not a
Python library).

2.2. Thresholding and post-processing

After contrast enhancement, a global threshold of0.65 (ap-
plied to normalized images in the range[0, 1]) was used to bi-
narize each CT slice and the predicted masks. The threshold
value was determined empirically to optimize the separation
of kidney tissue from background.

For post-processing of the U-Net segmentation output,
a contour detection algorithm was implemented to isolate
the two largest connected regions, which correspond to the
left and right kidneys. This step was essential to eliminate
smaller spurious contours frequently generated by noise or
adjacent anatomical structures. Only the two principal con-
tours were retained for further analysis.

Finally, after kidney segmentation and contour filtering,
intensity-based thresholding was used within the segmented
kidney regions to highlight hyperdense areas indicative of re-
nal stones. This workflow ensured that stone detection was

FIGURE 4. Training images and their corresponding manual masks.
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restricted to the relevant anatomical context, minimizing false
positives from extrarenal tissues.

It should be noted that segmentation was performed di-
rectly on the raw DICOM images, without applying fixed
window or level settings prior to contrast enhancement. This
design choice allows the model to remain robust to clinical
variations in image display parameters, but also means that
soft tissue contrast may vary slightly between studies. As
such, quantitative comparisons between datasets or scanners
should be interpreted with caution. Future work could ex-
plore the effect of standardized window/level preprocessing
to further harmonize tissue appearance and potentially im-
prove segmentation performance.

Kidney detection was carried out using a U-Net convolu-
tional neural network specifically designed for segmentation
tasks in medical imaging. This architecture can accurately
identify contours and generate masks that automatically de-
limit regions of interest.

For manual segmentation —a fundamental step in
training— the open-source software ITK-SNAP was used.
This Python-based tool enables precise segmentation of DI-
COM images.

The contours generated allowed the creation of final
masks identifying multiple regions in the presence of stones.
If no calculi were present, the mask remained dark, covering
only the segmented area (Fig. 4).

3. Results

The model was trained on 521 medical images provided by
IMSS, each accompanied by its corresponding manual mask.
Figure 5 illustrates the comparison between manual and au-
tomatic segmentations, as well as the results of the post-
processing steps.

The automatic masks enabled the application of intensity-
based filters to highlight areas of high calcium concentration,
thereby reducing false positives from anatomical structures
such as ribs. Subsequent contour analysis allowed precise
estimation of the maximum stone length (Fig. 6).

Overall, the results demonstrate a high level of agreement
between manual segmentations and those produced by the
trained model, supporting its potential as a diagnostic aid for
kidney stone detection in medical imaging.

To rigorously evaluate the model’s generalizability, a five-
fold cross-validation was performed on the dataset. Table I
summarizes the primary performance metrics across all folds.

The model exhibited rapid and stable convergence
throughout the 25 training epochs across all 10 folds. Dice
coefficients exceeded 0.95 within the first 25 epochs and con-
tinued improving, reaching average values above 0.98 by the
end of training. These results highlight the robustness and
consistency of the segmentation approach across different
data partitions.

It is important to note that the high average Dice and IoU
coefficients-both exceeding 0.96-along with low standard de-
viations, indicate stable model performance and strong agree-
ment with manual segmentation, regardless of the specific
data split. The training curves showed that performance
plateaued after approximately 20 epochs, confirming the ef-
ficiency and reliability of the proposed methodology.

TABLE I. Cross-validation performance metrics of the U-Net
model (mean± standard deviation across 10 folds).

Metric Mean Std. Dev.

Dice Coefficient 0.9808 0.0038

IoU 0.9623 0.0073

Validation Loss 0.0040 0.0008

FIGURE 5. Comparison between manual and automatic masks generated by the trained model. a) Image with manually generated mask. b)
Image with automatic mask and post-processing, including thresholding to highlight tissue and extraction of major contours.
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FIGURE 6. Identification of contours through automated segmen-
tation and intensity filtering.

FIGURE 7. Distribution of performance metrics (Dice, IoU, and
validation loss) across the 10 cross-validation folds.

While the current approach performs segmentation on in-
dividual axial slices, the pipeline can be extended to true 3D

volumetric segmentation, which is particularly valuable for
preoperative planning and post-treatment monitoring [1].

4. Conclusion

This study demonstrates the feasibility of automating kidney
stone detection in axial CT scans using convolutional neural
networks. The proposed U-Net model achieved highly accu-
rate kidney segmentation and reliably identified hyperdense
regions corresponding to renal calculi, providing a valuable
diagnostic tool for the assessment of renal lithiasis.

The results confirm that deep learning-based segmenta-
tion offers fast and consistent preliminary visualization, with
clear potential for continuous improvement as additional la-
beled data become available. Unlike fixed-rule systems, neu-
ral networks are capable of generalizing and adapting, in-
creasing their effectiveness and scalability for real clinical
applications.

To ensure the robustness of the methodology, a five-
fold cross-validation protocol was employed, yielding con-
sistently high Dice and IoU coefficients across all data parti-
tions. This robust assessment confirms the generalizability of
the U-Net architecture for automated kidney segmentation in
clinical CT studies from the Mexican population.

Nevertheless, further improvements can be achieved by
expanding the dataset, exploring advanced architectures, and
integrating additional comparative methodologies. Ongoing
collaboration between developers and healthcare profession-
als will be essential for refining the system and facilitating its
adoption in real-world clinical settings.
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