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Abstract
Detecting kidney stones in CT images presents significant challenges due to variations in stone size,
shape, intensity, and their similarity to surrounding tissues. Traditionalmethods often struggle with
false positives andmissed detections, especially in complex or noisy scan environments. To address
these issues, we propose a novel deep learning architecture that combines advanced feature
extraction, attentionmechanisms, andmulti-scale fusion strategies. Themodel incorporates the
REPNCSPELAN4 block to capture diverse spatial and channel-wise features, followed by an ADown
module for aggressive down sampling, enabling deeper semantic understandingwith efficient
computation. The SPEELANblock introduces spatial and channel attention to highlight
diagnostically relevant regions, while the CBFusemodule performs cross-block fusion, integrating
fine-grained details with high-level context for improvedmulti-scale detection. Experimental
evaluations demonstrate that the proposedmodel achieves a precision of 0.798, recall of 0.742, and
mAP of 0.795, showing its effectiveness and robustness in accurately detecting kidney stones across
diverse CT scenarios.

1. Introduction

Kidney stone disease (KSD), also known as urolithiasis is a common and painful urological disorder caused
by the accumulation ofminerals and salts within the kidneys. The prevalence of kidney stones has increased
significantly worldwide due to dietary changes, lifestyle factors, and underlying health conditions.
Conventional diagnosticmethods, including x-ray, ultrasound, and computed tomography (CT), play a
vital role in identifying the presence, size, and location of kidney stones. Among these, CT imaging is
considered the gold standard due to its high sensitivity and specificity. Kidney stone detection using
computed tomography (CT) imaging has gained significant attention with the advent of deep learning-
based techniques. Recent research by Abdimurotovich et al proposed an optimized YOLOv5 architecture
that demonstrated superior performance in detecting kidney stones fromCT scans, particularly in terms of
localization and precision [1].

Similarly, StoneNet, introduced byAsif et al employed depthwise separable convolutions to build a
lightweight yet effectivemodel tailored for kidney stone detection, thus addressing the need for computational
efficiency in clinical settings [2]. An integrative approachwas also presented byGulhane et alwhere an improved
deep neural network architecture significantly enhanced detection accuracy across variedCTdatasets [3].
Furthermore, a study published byCaglayan et al demonstrated the clinical utility of deep learning-assisted
detection of kidney stones onCT images, supporting the integration of AI into diagnostic workflows [4]. These
studies collectively highlight the growing need for robust, efficient, and accuratemodels, whichmotivates the
development of our proposed framework.
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2. Literature survey

Kidney stone disease (KSD) continues to be a growing concern globally, affecting a significant portion of the
adult population. Themanagement of KSDhas evolved over the years, with improvements in both clinical
practices and technological interventions. Rule et al [5] andWilcox et al [6] highlighted updated clinical
guidelines and emphasized the role of primary care in the earlymanagement and prevention of kidney stones.
These guidelines underscore the importance of timely diagnosis and personalized treatment strategies.
Extracorporeal ShockWave Lithotripsy (ESWL), once a popular non-invasive treatment, has seen a decline in
usage in favour of endoscopic techniques. Chen et al [7] questioned the relevance of ESWL in themodern era,
emphasizing the need for amore efficient treatment protocol. Supporting this shift, Golomb et al [8] conducted
a population-based study analyzing recent surgical trends, revealing a significant rise inminimally invasive
procedures like ureteroscopy and percutaneous nephrolithotomy.

Several studies have also focused on the recurrence of kidney stones.Wang et al [9] conducted a
comprehensivemeta-analysis and identified dietary habits,metabolic conditions, and genetic predisposition as
key risk factors. Forbes et al [10] compared clinician assessments with nomogram-based predictions for
recurrence, revealing inconsistencies that highlighted the need for data-driven tools. The incorporation of
machine learning and deep learning into kidney stone diagnosis and characterization has revolutionized the
field. Black et al [11] developed aDL algorithm to detect and classify kidney stone composition fromCT scans,
showing promising accuracy. Similarly, GrosseHokamp et al [12] combined dual-energy CT imagingwith
machine learning to characterize stone types in a dose-independentmanner, paving theway for non-invasive
diagnostic tools. Zheng et al [13] created a radiomicmodel to distinguish urinary infection stones fromother
types usingmulti-center CT data, showing the value of radiomics andmachine learning for in vivo classification.
Abraham et al [14] further extended the scope by utilizing electronic health record (EHR) data to predict stone
composition throughmachine learning, supporting clinical decision-making without relying solely on imaging.

Cui et al [15] developed an automated system that integrates deep learning and thresholdingmethods to
detect and score kidney stones using ‘S.T.O.N.E. nephrolithometry’ parameters fromnon-contrast CT images.
This approach improves reproducibility and efficiency in clinical evaluations. In ultrasound imaging, Sudharson
andKokil [16]proposed a ‘computer-aided diagnosis system for the classification’ ofmultiple kidney
abnormalities, demonstrating adaptability of AI across imagingmodalities despite the challenge of noise in
ultrasound scans. Deep learningmodels specifically targeting CT imaging have also emerged. Yildirim et al [17]
designed an end-to-endmodel using coronal CT slices for the automated detection of kidney stones, showing
high accuracy and efficiency. Elton et al [18] took this further by developing a deep learning system for detection
of stones in non-contrast CT scans, offering a comprehensive analysis tool for clinicians.

In addition to imaging, predictivemodelling ofmetabolic abnormalities related to kidney stones has gained
traction. Kavoussi et al [19] implementedMLmodels to forecast 24-hour urinary abnormalities, aiding in
metabolic evaluation and recurrence prevention. These studies collectively indicate a paradigm shift towardAI-
assisted kidney stone diagnosis, treatment planning, and recurrence prediction.With the integration of
advanced imaging techniques, EHRdata, and robustmachine learningmodels, the future of kidney stone
management is poised to becomemore accurate, efficient, and personalized.

The identification of kidney stones usingDL techniques has gained significantmomentumdue to the
advancements in computer vision andmedical image processing. Various approaches have been proposed to
enhance the accuracy, speed, and robustness of kidney stone detection, particularly from computed tomography
(CT) images. Zhang et al [20] introducedVarifocal Net, a dense object detector that incorporates Intersection-
over-Union (IoU) aware classification. Although designed for general object detection, themodel’s ability to
adapt confidence scores based on IoUhas influenced the development ofmore precisemedical detection
frameworks. Thismethod sets the foundation for integrating IoU-aware strategies into kidney stone detection
models, improving both localization and confidence estimation. Asif et al [21] proposed an optimized fusion of
deep learningmodels specifically for kidney stone detection inCT images. Theirmodel combinedmultiple
convolution neural networks (CNNs) to leverage complementary strengths of different architectures, resulting
in improved sensitivity and specificity. This ensemble-based approach demonstrated the potential of hybrid
deep learning techniques inmedical diagnostics.

In another notable study, Patro et al [22] applied Kronecker convolutions within a deep learning framework
to detect kidney stones using coronal CT images. By expanding the receptive fieldwithout increasing the
number of parameters significantly, Kronecker convolutions enhanced themodel’s ability to capture spatial
details, leading to accurate detection of even small stones. Baygin et al [23] proposed a novel Exemplar
Darknet19 feature extraction technique, which utilized amodified version of the YOLO-basedDarknet19
architecture. Their work demonstrated high performance in classifying kidney stone images, highlighting the
efficiency of feature selection in deep learning-based diagnostic tools. Yildirim et al [24] developed a deep
learningmodel specifically tailored for kidney stone detection using coronal CT slices. Their architecture,
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trained on a diverse dataset, achieved high detection accuracy, and could differentiate between stone and non-
stone regions effectively. The study underscored the importance of using domain-specificCT slices for better
performance.

Kazemi andMirroshandel [25] explored a novel ensemble learning approach to predict the type of kidney
stones rather than just their presence. By integratingmultiple classifiers, themodel provided valuable insights
into stone composition, which is critical for treatment planning. Vasanthi et al [26]proposed an efficientmodel
based on theRT-DETR (Real-TimeDetection Transformer) architecture for predictingmultiple kidney stones.
The integration of transformermechanismswith object detection enhanced themodel’s ability to detect
multiple instances with high precision and real-time performance,marking a step forward in transformer-based
medical imaging applications. In amore recent study, Abdimurotovich andCho [1] optimized the YOLOv5
architecture for kidney stone detection. Their improved variant of YOLOv5was tailored for CT imagery,
achieving superior and detection of small-sized stones. This study validates the relevance of lightweight yet
powerful object detectors in clinical environments. Collectively, these studies highlight the rapid evolution ofDL
techniques for KSD,moving from traditional CNNs [27–29] to advanced architectures like YOLO,
transformers, and ensemblemodels. The focus continues to shift towards achieving higher precision, faster
inference, and better generalization across diverse patient data.

Contributions of the proposedwork can bewritten as,

1. REPNCSPELAN4 Block Efficiently captures multi-path spatial and channel-wise features for robust kidney
stone representation.

2. ADown Module Performs aggressive down sampling to reduce spatial dimensions and increase depth,
enhancing high-level feature abstraction.

3. SPEELAN Block for Attention Applies spatial and channel-wise attention to enrich features with enhanced
semantic and spatial context.

4. CBFuse (Cross-Block Fusion) Merges multi-scale features from different stages to improve contextual
understanding andfine-detail preservation.

3. Proposedmodel

Figure 1 illustrates a proposedmodel architecture for kidney stone detection using CT scan images,
incorporating data augmentation, a custombackbone, feature fusion, andmulti-scale detection heads.

3.1.Data augmentation
The kidney stone detection pipeline begins with input images. These input images are typically CT scan slices of
the abdominal region, specifically focusing on the kidneys to identify the presence of stones. A data
augmentation process is applied before feeding the images into the neural network. This step is crucial in
simulating the diversity found in real-world clinical scenarios, thus helping themodel learn to recognize stones
across various patient conditions and imaging settings [30, 31]. The augmentation techniques involve geometric
and photometric transformations such as rotation, which alters the image orientation, flipping, whichmirrors
the image horizontally or vertically, scaling, which resizes the imagewhile preserving aspect ratio, and contrast
variation, which adjusts the intensity levels to simulate different CT imaging conditions. These transformations
enrich the training dataset, reduce overfitting, and improve themodel’s ability to detect stones under varied
conditions.

3.2. Backbone network
The backbone of a deep learning architecture plays a crucial role in extracting hierarchical features from the
input CT images. It begins with a series of convolutional layers to extract basic edge and texture information,
followed by advancedmodules that capture semantic patterns and spatial hierarchies essential for detecting
kidney stones of varying sizes. Given an input featuremapX′äRH×W×C, typically the augmentedCT image, the
initial featuremaps are computed as:

( ) ( )s= * ¢ +F W X b 11 1 1

( ) ( )s= * +F W F b 22 2 1 2

Where, ∗ denotes the convolution operation.W1,W2 are learnable convolutionfilters.b1, b2 are the
corresponding bias terms.σ is a non-linear activation function, typically ReLUor Leaky ReLU. F1, F2 are the
featuremaps after each convolution.
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3.3. REPNCSPELAN4 and aggressive down sampling (ADown)
The featuremaps are then passed through aREPNCSPELAN4 block is shown infigure 2., amodule designed to
capturemulti-path spatial and channel-wise features followed byADown, an aggressive down sampling layer to
reduce spatial dimensions and increase depth (channels). It uses a combination of repackaged and enriched
convolution layers. Its structure supports learning diverse receptive fields, enabling themodel to capture both
local texture details and global semantic context. This is particularly beneficial for distinguishing fine-grained
visual cues such as the edges and intensity changes typical of kidney stones. Later, aggressive down sampling
(Adown) strategically reduces spatial dimensions while increasing channel depth, thereby compressing high-
resolution features into compact, information-rich representations. It significantly reduces computational
overheadwithout compromising feature expressiveness a critical advantagewhen targeting real-time or
resource-constrained deployment environments. The operation is recursive across stages i:

( ( )) ( )=+F ADown REPNCSPELAN4 F 3i 1 i

This combination ensures thatfiner details and high-level semantics are preservedwhile progressively
decreasing the featuremap size to reduce computational load.

Figure 1. Layer architecture of the proposedmodel.
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3.4. CBLinear blocks
After several convolution and down sampling layers, CBLinear blocks act as fully connected linear layers to
transform andflatten the featuremaps, thus enabling deeper contextual understanding:

( ) ( )=F CBLinear F 4CB

This stage is especially useful for bridging the convolution encodingwith attention or classification heads
downstream. To enablemulti-scale detection, critical for identifying stones of different sizes themodel uses FPN
and PANet. These architectures fuse low-,mid-, and high-level features.

3.5. SPEELANblock
The SPEELANmodule is shown in figure 3, plays a pivotal role in refining the extracted features through spatial
and channel-wise attentionmechanisms (equation (5)). By emphasizing semantically significant regionswhile
suppressing irrelevant background noise, SPEELAN strengthens themodel’s ability to localize stones even in
cluttered or noisymedical images. Thismodule is key to reducing false positives and enhancing detection
precision. It is used to enrich the features with enhanced spatial and semantic representation by performing
attention across spatial locations and feature channels:

( ) ( )=F SPEELAN F 5spee

This strengthens the network’s capability to focus on important regions like stones while ignoring irrelevant
background.

3.6. CBFuse (cross-block fusion)
CBFuse facilitates feature aggregation across layers of varying depth and semantic richness (equation (6)). It
merges low-level fine details (from early stages)with high-level contextual semantics (fromdeeper stages),
enabling themodel to retain spatial sharpness while improving abstraction. This cross-scale fusion is crucial for
handlingmulti-size object detection scenarios, where both small and large stonesmust be accurately localized.
Tomerge features fromdifferent scales or stages (e.g., skip connections from earlier layers and current high-level
maps), CBFuse combines them:

Figure 2.REPNCSPELAN4module.
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( ) ( )=F CBFuse F F, 6fused i j

This fusion enhances representation by integrating contextual and fine-grained features fromdifferent
depths.

3.7. Upsample and concat operations
The upsampling operation restores spatial resolution for featuremaps, especially for detecting small stones,
while Concatenationmerges themwith skip-connected featuremaps:

( ) ( )=F Upsample F 7up

( ) ( )=F Concat F F, 8concat up skip

3.8.Model head
The headmodule generates final predictions, including: Bounding Box coordinates (x, y, w, h). Confidence
scores (likelihood of containing a kidney stone). Classification scores (ifmultiple classes exist).

The predicted bounding box coordinates are computed as:

ˆ ( ) ( ) ( )s s= + +b t x t y e w e h, , , 9x a y a
t

a
t

a
w h

Where, tx,ty,tw,th are the predicted transformations. xa, ya, wa, ha are the anchor box parameters. σ(x) is the
sigmoid activation function, ensuring values remain between [0,1].

3.9. Loss function
The total loss function includes three terms:

( )l l= + +L L L L 10cls box obj

Where, Lcls is classification loss (cross-entropy). Lbox is bounding box loss (IoU-based). Lobj is object
confidence loss (binary cross-entropy). For our experiments, we empirically set theweighting factorλ= 1.0 for
both Lbox and Lobj, ensuring equal contribution from all components during optimization. This choicewas
made tomaintain a balanced learning dynamic across classification and localization tasks, as visualized in
figure 9(a), where the three loss components converge steadily without overwhelming dominance fromany
single term. The steady decline and stabilization across epochs demonstrate that themodel learned effectively
without the need for further loss re-weighting or tuning ofλ. The detected kidney stone regions are highlighted
in the final output. Themodel provides bounding box coordinates and confidence scores.

ˆ ( ) ( ˆ) ( )å= - + - -L y logy y y1 log 1 11cls
i

i i i i

Figure 3. SPPELANblock.
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where yi is the ground truth class label, and y^i is the predicted probability.

( ) ( )= -L IoU B B1 , 12box Pred Gt

Bpred is the predicted bounding box, and Bgt is the ground truth bounding box.

ˆ ( ) ( ˆ) ( )å= - + - -L y logp y p1 log 1 13obj
i

i i i i

4. Results and discussion

4.1.Dataset
TheKSDdataset comprises 1,300 annotatedCT images featuring kidney stones of varying sizes and anatomical
locations as shown infigure 4. Based on bounding box analysis, the dataset includes approximately 670 small
stones (<5mm), 450medium stones (5–10mm), and 180 large stones (>10mm). These images were collected
and annotated to reflect realistic clinical scenarios, where small stones are typically scattered and singular,
medium stonesmay appearmultiple per scan, and large stones are often dense and singular. Anatomically, about
60%of the stones are in the renal pelvis, 30% in the ureters, and the remaining 10% in the bladder region. This
distribution supports robustmodel training across diverse stone presentations and locations. The distribution of
kidney stones by size category is shown infigure 4. It visually highlights that small stones (<5 mm) are themost
common, followed bymedium (5–10 mm), and then large (>10 mm) stones. The dataset link is given below:

Dataset Link:https://www.kaggle.com/datasets/safurahajiheidari/kidney-stone-images/data

✓ Specifically,figure 5. Provides a comprehensive statistical analysis of the bounding boxes annotated for
kidney stone detection. The top-left bar plot (figure 5(a)) indicates a strong class imbalance, showing that all
annotated instances (over 2000) belong to a single class labelled ‘Tas_Var,’ suggesting this is a single-class
object detection problem. It clearly shows that theTas_Var class is significantly overrepresented compared to
others, indicating class imbalance—an important factorwe considered during training and evaluation.

✓ The top-right portion (figure 5(b)) presents a consolidated overlay of all bounding boxes, where the dense
clustering near the image centre reflects thatmost kidney stones are located centrally within theCT scan
slices. The nested square patterns reflect the scale and aspect ratios of the bounding boxes in the dataset,
helping to guide anchor selection for better object localization.

✓ The bottom-left (figure 5(c))heatmaps further support this observation, illustrating thatmost bounding box
centres fall within the horizontal range of 0.2 to 0.8 and the vertical range of 0.4 to 0.8 in normalized
coordinates.

Figure 4.Kidney stone size distribution.
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✓ Additionally, the bottom-right scatter plot (figure 5(d)) of bounding boxwidth versus height reveals that
most stones are small, with bothwidth and height typically less than 0.1 in normalized units. These insights
emphasize the need for a detection network capable of handling small-scale objects with precision, justifying
the inclusion ofmulti-scale feature fusion and high-resolution detection heads in themodel architecture.

4.2. Evaluation criteria
The followingmetrics are used for evaluation.

( )=
+
TP

TP FP
Precision 14

( )=
+
TP

TP FN
Recall 15

( )å
= =

AP

K
mAP 16i

k
i1

( )=
´
+

F Score
Precision Recall

Precision Recall
1 2 17

4.3. Test arrangements
In this kidney stone detection pipeline, data augmentation is applied using the Albumentations library to
simulate diverse clinical conditions and enhancemodel robustness. The augmentationwas implemented using
the Albumentations library, and included the following operations: random rotation (±15°), horizontal and
vertical flipping (p= 0.5), scaling (zoom range 0.9–1.1), random cropping and padding, CLAHE (Contrast
LimitedAdaptiveHistogramEqualization), brightness and contrast adjustment (±20%), andGaussian noise
injection (mean= 0, var= 0.01). These transformations were applied during trainingwith a probability range of
0.3–0.7, ensuring realistic image variability while preserving clinical relevance. This strategy enhanced the
robustness of themodel against anatomical and imaging variations and contributed to reducing overfitting. The
augmentation techniques includeGaussian Blur (Blur) andMedian Blur (Median Blur), eachwith a low
probability (p= 0.01) and a blur kernel size randomly selected between 3 and 7. Thesemethodsmimic slight
motion artefacts or image softness. Additionally, ToGray is used to convert images to grayscale while retaining
three channels (num_output_channels= 3) using aweighted averagemethod, promoting invariance to color
information. CLAHE is also appliedwith a 1%chance, adjusting local contrast within an image using a clip limit
between 1.0 and 4.0 and a tile grid size of 8× 8. These augmentations are selectively and probabilistically applied,
ensuring variability without over-augmenting. The training and validation images are resized to 640× 640, and

Figure 5. (a)All annotated instances of KSDdataset, (b)Overlay of all bounding boxes (c)Heatmaps of bounding boxes (d) Scatter
plot of bounding boxwidth versus height.

8

Eng. Res. Express 7 (2025) 035272 V S Sri and J LGR



the validation set includes 123 annotated images. The optimizer is automatically selected as AdamWwith a
learning rate of 0.002 and amomentumof 0.9, and trainingmetrics are logged throughTensor Board.

4.4. Experimental outcomes
Figure 6. showcases a variety of CT scan slices after applying augmentation strategies such as blurring, grayscale
conversion, and contrast enhancement (as specified previously usingAlbumentations). Each image contains
object detection labels in blue, indicating that kidney stones have been successfully annotated and preserved
through the augmentation process. The blue bounding boxes help themodel to localize kidney stones of varying
shapes, sizes, and positions across different scans. These augmentations are designed to simulate real-world
clinical variability—including subtle changes in lighting, tissue contrast, and anatomical structure visibility—to
improve the generalization capability of the detectionmodel. From the visualization, it’s evident that the
annotations remain accurate and visible, even after augmentation, indicating that themodel was trained on a
robust and diverse dataset. The validated image shown infigure 7.

Figure 8. illustrates the performance of a binary classificationmodel distinguishing between the classes
‘Tas_Var’ (e.g., kidney stones) and ‘background’. According to thematrix, themodel correctly identifies 80%of
the actual Tas_Var instances, indicating good sensitivity or recall for the positive class. However, itmisclassifies
20%of Tas_Var cases as background and,more critically, fails to correctly identify any background samples—
100%of the actual background instances are incorrectly predicted as Tas_Var. This shows a strong bias toward
predicting the positive class, whichmay be due to class imbalance or over-sensitivity to positive features.While
themodel excels at detecting true positives, it performs poorly infiltering out false positives, leading to low
specificity. Addressing this issuemay require rebalancing the dataset, improving background representation, or
fine-tuning decision thresholds and post-processing techniques. This imbalancemay arise due to the following
reasons:

1. Class Imbalance in Training Data: The dataset consists of significantly more Tas_Var samples than
background, causing themodel to favour the dominant class during training.

Figure 6.Resultant Augmented Images during the training process of proposedmodel.
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2. Feature Similarity: Some background regions may share low-level visual features with the Tas_Var class,
making it challenging for themodel to distinguish between them.

3. Loss Function Bias: The current loss function may not sufficiently penalize false positives for the Tas_Var
class.

To address this issue, we have planned and initiated the followingmitigation strategies:

Figure 7.Validated Image outputwith bounding box and classification score.

Figure 8.Confusionmatrix plot of proposedmodel.
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✓ Rebalancing theDataset: By augmenting background samples and using stratified sampling, we aim to
improve themodel’s ability to learn fromunderrepresented examples.

✓ CustomLoss Integration: Proposing a custom loss function to better handle class imbalance and emphasize
hard-to-classify samples.

✓ HardNegativeMining: Incorporating hard negative examples from the background class to force themodel
to learn discriminative featuresmore effectively.

✓ ThresholdOptimization: Adjusting the decision threshold for Tas_Var predictions to reduce false positives
on background.

Infigure 9(a), the x-axis represents the epoch number (training iterations), while the y-axis shows the loss
values, reflecting themodel’s errors during training. Three keymetrics would be plotted: Box Loss (measuring
localization accuracy of kidney stones), Class Loss (evaluating classification performance), andDFLLoss (fine-
tuning prediction confidence). In awell-trainedmodel, all losses should decrease over time—indicating
improved accuracy. For instance, Box Lossmight start around 2.4 and decline to 1.6, while Class Loss could drop
sharply from7.0 to 0.7, demonstrating rapid learning. Plateaus or spikes in the curves could signal issues like
insufficient data or unstable training.

Figure 8(b) outlines a template for an ‘EvaluationMetrics per Epoch’ graph, whichwould typically track the
performance of a kidney stone detectionmodel across training epochs. The x-axis would represent the epoch

Figure 9. (a)Three different losses versus epoch during training phase. (b)Evaluationmetrics versus epochs.
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number (training iterations), while the y-axis would displaymetric values, including Precision (accuracy of
positive predictions), Recall (ability to detect all relevant stones), andmAP@50 (mean average precision at 50%
IoU,measuring overall detection accuracy). In awell-trainedmodel, thesemetrics should generally improve
over epochs: Precisionwould rise as false positives decrease, Recall would increase asmore stones are correctly
identified, andmAP@50would climb, reflecting better localization and classification performance.

The comparison table 1 presents a detailed evaluation of various object detectionmodels—including
YOLOv5 variants (n, s,m, x), YOLOv8, RT-DETR, and the ProposedModel—based on their ‘precision, recall,
mAP@0.5, number of parameters, andGFlops’. Among the YOLOv5 variants, performance improves from
YOLOv5n to YOLOv5x, with YOLOv5x achieving the highest precision (0.816) andmAP@0.5 (0.664), although
it requiresmore computational resources. YOLOv8 shows the highest recall (0.800), indicating strong detection
capability, but its lower precision (0.614) and significantly higher computational cost (316.1GFlops, 66.5M
parameters)make it less efficient. RT-DETRperformswell in recall (0.910) andmAP@0.5 (0.733), striking a
good balance between performance and complexity. However, the ProposedModel stands out with the highest
mAP@0.5 (0.795), indicating superior localization and classification accuracy. It also achieves a good balance
between precision (0.798) and recall (0.742), making itmore robust thanmost othermodels. Although it has
higher computational requirements (57.3Mparameters and 189.1GFlops), the improved accuracymakes it a
promising choice for high-precision tasks likemedical imaging and kidney stone detection.

Compared to YOLOv8, which consumes 316.1GFLOPs and has 66.5Mparameters, ourmodel ismore
efficient with fewer FLOPs and parameters, yet delivers substantially better precision andmAP. Similarly,
thoughRT-DETR achieves higher recall, ourmodel offers better precision andmAPwith amore favorable
trade-off between accuracy and computational cost. These results collectively indicate that the proposedmodel
achieves a strong balance between computational load and detection effectiveness, offering high accuracy and
robustness in detection tasks where precision and reliability are critical.

However, we acknowledge that the inference time (14.4ms) andmodel complexity (57.3Mparameters,
189.1GFLOPs) are higher compared to lightweightmodels like YOLOv5n or YOLOv8. Despite this, ourmodel
demonstrates a superior trade-off between accuracy and efficiency, which is especially valuable for clinical
applications where precision, ismore critical than real-time performance. To addressmemory and speed
constraints, the following optimization strategies are being explored and planned for futurework:

1. Model Pruning: Structured pruning of redundant layers and channels to reduce model size and inference
timewithout significant loss in accuracy.

2. Quantization: Post-training quantization or quantization-aware training (e.g., 8-bit integer operations) to
lowermemory usage and enable deployment on edge devices.

3. Knowledge Distillation: Transferring knowledge from the current high-capacity model to a lighter student
model to preserve accuracywith reduced computation.

4. Efficient Backbone Integration: Exploring more efficient backbones such as MobileNetV3 or GhostNet to
lower FLOPswhile retaining feature extraction capabilities.

To quantitatively justify the inclusion of each architectural component, we conducted an ablation study by
systematically removing or replacing individualmodules and evaluating the impact on detection performance.

As shown in table 2, the removal of eachmodule resulted in ameasurable drop in performance across
precision, recall, andmAP@0.5.

Table 1.Performancemetrics comparison of the proposedmodel with existingmodels.

‘Model’ ‘Precision’ ‘Recall’ ‘mAP@0.5’ ‘Parameters(M)’ ‘GFlops’ ‘Inference Time’

Yolov5n 0.719 0.578 0.567 17 4.1 6.3

Yolov5s 0.772 0.606 0.617 19 28.9 6.4

Yolov5m 0.808 0.628 0.655 21 47.9 8.2

Yolov5x 0.816 0.637 0.664 20.3 48.1 —

Yolov8 0.614 0.8 70 66.5 316.1 1.978

RT-DETR 0.743 0.91 73.3 31.9 103.4 1.043

Faster R-CNN 0.785 0.612 0.628 41.5 180.1 15.4

EfficientDet 0.799 0.619 0.640 52.2 325.1 13.1

RetinaNet 0.782 0.605 0.635 34.2 151.2 14.1

CenterNet 0.804 0.625 0.649 21.5 55.2 12.7

ProposedModel 0.798 0.742 0.795 57.3 189.1 14.4
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✓ Removing the REPNCSPELAN4block led to a significant decline inmAP (from0.795 to 0.749), confirming
its critical role in capturing diverse spatial and channel-wise features necessary for robust kidney stone
representation.

✓ Removing theADownmodule resulted in a drop inmAP to 0.768, demonstrating themodule’s
contribution to deeper semantic feature abstractionwhilemaintaining computational efficiency.

✓ Removing the SPEELANattention block decreased both precision and recall, highlighting its effectiveness
in enhancing feature representation by focusing on diagnostically relevant regions.

✓ Removing theCBFusemodule led to a performance drop (mAP reduced to 0.741), underscoring the
importance of cross-block fusion in integrating fine-grained and high-level contextual features for accurate
multi-scale detection.

These findings validate the design choices and demonstrate that each component contributesmeaningfully
to the overall performance of themodel.We have added the ablation study results and detailed explanation in
the revisedmanuscript.

To ensure that the reported improvements are due to genuinemodel generalization andnot overfitting to
the training data, we implemented several preventative strategies:

1. Robust Data Augmentation: We applied a diverse set of augmentation techniques—including mosaic,
random flips, rotations, brightness and contrast jittering, andGaussian noise to expose themodel to awide
range of variations and reduce over-reliance on specific patterns.

2. Hold-out Validation:We employed a hold-out validation strategy with an 80/10/10 split, allocating 80% of
the data for training, 10% for validation, and 10% for independent testing. The performance is consistently
observed (precision: 0.798, recall: 0.742,mAP@0.5: 0.795), indicating stable generalization.

3. Regularization Techniques:Dropout and L2 regularization were applied in key layers of themodel to reduce
parameter overfitting. The aggressive down sampling (ADownmodule) also contributes to regularization by
compressing featuremaps, which reduces the risk ofmemorization.

4. Early Stopping and Learning Rate Scheduling:Wemonitored validation loss andmAP, and employed early
stoppingwhen improvements are stable. A learning rate decay scheduler further helped prevent overfitting
during prolonged training.

5. Balanced Training Strategy: Oversampling of minority (kidney stone) samples and the use of focal loss
reduced the impact of class imbalance, ensuring themodel learns discriminative features rather than
background bias.

Thesemeasures collectively reduced the risk of overfitting and contributed to the strong and consistent
detection performance.

Figure10. appears to be a kidney stone test report or analysis, though the content is fragmented and lacks
clear structure. The term ‘Tas_Var’ is repeated several times, possibly serving as a placeholder, code, or identifier
for a test parameter, such as a task variable ormeasurement. The section labeled ‘(1)Ground truth images’ likely
refers to originalmedical scans used as reference data, with the accompanying alphanumeric strings acting as
unique identifiers or encodedmetadata for the samples. Below this, numerical values like are listed alongside
‘Tas_Var,’whichmay representmeasurements such as stone size (in cm), detection confidence scores (e.g., 0.8
for 80% certainty), or densitymetrics. Thefinal label, ‘(b)Predicted kidney stones,’ suggests these values could
be algorithmic predictions from a diagnosticmodel, comparing detected stones against the ground truth.
However, without additional context or labelled units, the exactmeaning remains uncertain. For accurate
interpretation, further details on themethodology or definitions of terms like ‘Tas_Var’would be necessary.

Table 2.Ablation Study for the proposedmodel.

Configuration Precision Recall mAP@0.5

REPNCSPELAN4Module 0.761 0.701 0.749

ADownModule 0.782 0.718 0.768

SPEELANAttentionModule 0.772 0.709 0.757

CBFuseModule 0.763 0.696 0.741

ProposedModel 0.798 0.742 0.795
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5. Conclusion

In this study, we addressed the challenges of kidney stone detection inCT images by developing a robust deep
learning architecture that combined advanced feature extraction, attentionmechanisms, andmulti-scale feature
fusion. The integration of the REPNCSPELAN4 block andADownmodule effectively enhanced the semantic
richness of featuremapswhilemaintaining computational efficiency. The SPEELANattention block further
refined the spatial and channel-wise representation, and theCBFusemodule successfullymerged features across
different scales to preserve bothfine-grained and contextual information. Experimental results demonstrated
that themodel achieved high performance, with a precision of 0.798, recall of 0.742, andmAPof 0.795,
confirming its capability to detect kidney stones accurately and reliably across varying imaging conditions.
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