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Abstract- Kidney stone disease affects 10-15% of the
global population, yet traditional diagnostic methods
are time-intensive and error-prone. This paper
presents SmartUro, an intelligent diagnostic system
leveraging YOLOvS8 deep learning architecture for
automated kidney stone detection across CT, MRI, X-
ray, and ultrasound imaging. Our system achieves
93.0% mean Average Precision (mAP50), with 93.8%
precision and 92.9% recall, processing images in
under 3 seconds. Through multi-dataset integration
and systematic optimization, SmartUro demonstrates
clinical-grade accuracy suitable for deployment in
both well-resourced centers and underserved
facilities. A Streamlit-based web interface enables
real-time clinical integration with comprehensive
diagnostic reporting.
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L INTRODUCTION

Kidney stone disease (urolithiasis) represents a
significant global health challenge with increasing
incidence rates, costing the United States
approximately $10 billion annually [1]. Conventional
diagnostic workflows rely on manual radiological
examination, presenting critical limitations: time-
intensive interpretation, diagnostic variability based
on expertise (inter-observer agreement 85-95%),
limited accessibility in rural areas, and radiologist
error rates of 3-5% under high workload [2,3]. Recent
advances in YOLO (You Only Look Once)
architectures  have  demonstrated  remarkable
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capabilities in medical image analysis with both high
accuracy and computational efficiency [4].

Research Objectives: This work develops SmartUro to
achieve clinical-grade performance (>90% precision
and recall) through optimized YOLOv8 architecture,
comprehensive multi-dataset training, real-time
processing (<5 seconds), and production-ready
deployment with intuitive web interface and HIPAA
compliance.

Contributions: (1) Novel training methodology
integrating heterogeneous datasets with strategic
augmentation, (2) Systematic YOLOVS optimization
for medical imaging, (3) Clinical-grade performance
(93.0% mAP50) demonstrated across diverse test sets,
(4) Complete production framework with web
interface and secure data handling, (5) Open-source
codebase enabling reproducibility.

Image 1.1: CT scan of kidney with stones
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IL. RELATED WORK

Early automated kidney stone detection relied on
classical image processing. Rajput et al. [5] used
traditional segmentation on ultrasound images
achieving reasonable accuracy but requiring extensive
manual tuning. Viswanath and Gunasundari [6]
proposed level set segmentation with ANN achieving
98% accuracy on controlled datasets but suffered from
computational complexity (~120s processing time).

Recent deep learning approaches show significant
improvements. Dr. Suresh and Abhishek [7] applied
CNNs achieving 92.57% accuracy on ultrasound
images. Falana et al. [8] demonstrated CLAHE
preprocessing  with  ResNet50 improved CT
classification accuracy from 84% to 92%.

YOLO-based systems have emerged as state-of-the-
art. Slathia et al. [9] compared YOLOv8 and ResNet-
50, showing YOLOvV8 achieved >90% accuracy with
superior localization. Jacob et al. [10] reported
YOLOv10 achieving 97.3% precision and 94.2%
mAP@50-95 but trained on single datasets.
Sivaprakasam et al. [11] developed YOLOvV8 for MRI
achieving 0.92 mAP but limited to single modality.

Research Gaps: Most studies wused single,
homogeneous datasets limiting generalization; few
demonstrated robust multi-modality support; limited
attention to deployment readiness, confidence
calibration, and small stone detection (<Smm). Our
work addresses these gaps through comprehensive
multi-dataset integration, systematic optimization, and
production-ready deployment.

. METHODOLOGY

A. Dataset Preparation

We constructed a training dataset integrating multiple
public sources ensuring diversity in image quality,
modalities, and stone characteristics:

Primary Dataset: Kidney Stone Images with Bounding

Box Annotations from Kaggle [12] (1,300 CT scans,
stone sizes 2-30mm).
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Supplementary Datasets: Ultrasound (n=450), X-ray
KUB (n=320), MRI (n=280) from Roboflow and
Kaggle.

Final Dataset: 2,350 images split 70% training
(n=1,645), 15% validation (n=353), 15% test (n=352).
Quality control included manual inspection,
annotation verification, duplicate removal via
perceptual hashing, and format standardization.

Preprocessing Pipeline: (1) Image validation (format,
size 224x224  to 4096x4096 pixels, RGB
standardization), (2) Adaptive noise reduction
(Gaussian 6=0.5 for CT/MRI, median 3x3 for
ultrasound), (3) Contrast enhancement (CLAHE clip
limit=2.0, tile size=8x8), (4) Normalization to [0,1]
with ImageNet statistics.

Data Augmentation: Geometric (rotation £10°, scaling
0.7-1.3x%, translation +10%, horizontal flip 50%);
Photometric (HSV adjustments, Gaussian noise
0=0.01, JPEG compression 70-100); Advanced
(Mosaic probability=1.0, MixUp probability=0.1,
CutOut 10% regions).

B. YOLOvS Architecture and Optimization

Selected YOLOvV8-Nano (3.2M parameters) balancing
speed and accuracy. Key features: anchor-free
detection, enhanced backbone, decoupled head, task-
aligned assigner, distribution focal loss [13].

Medical Imaging Modifications: (1) Modified
backbone with adjusted strides/kernels for fine-
grained details, skip connections, squeeze-and-
excitation blocks; (2) Enhanced FPN with 4 pyramid
levels, bidirectional fusion, attention mechanisms; (3)
Optimized detection head with NMS (IoU=0.45,
confidence=0.50).

Loss Function: L_total = 7.5xL_bbox + 0.5xL _cls +
1.0xL_obj + 1.5xL_dfl, where L._bbox uses CloU for
comprehensive localization [14].

Optimizer: AdamW (1r=0.01, weight decay=0.0005,
gradient clipping=10.0) with warm-up (0.001—0.01,
3 epochs) and cosine annealing (0.01—0.0001).

ICONIC RESEARCH AND ENGINEERING JOURNALS 2215



© NOV 2025 | IRE Journals | Volume 9 Issue 5 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV915-1712231

C. Training Strategy
Hardware: NVIDIA RTX 3090 (24GB) or Google
Colab T4 (15GB).

Configuration: Batch size=16 (gradient
accumulation=2), epochs=150, image size=640x640,
mixed precision (FP16).

Three-Phase Training: Phase 1 (epochs 1-50): Frozen
backbone, high augmentation; Phase 2 (51-100): End-
to-end training, 1r=0.001; Phase 3 (101-150): Fine-
tuning, Ir=0.0001, minimal augmentation. Early
stopping with patience=50 epochs.

D. Deployment System

Postprocessing: Adaptive confidence filtering (0.50-
0.65 based on image quality), NMS (IoU=0.45), stone
characterization (size categories: small <5mm,
medium 5-10mm, large >10mm), anatomical
localization, HU-based density assessment for CT,
temperature scaling for confidence calibration.

Web Application: Streamlit framework with drag-and-
drop upload (JPG, PNG, max 200MB), real-time
processing with progress indicators, side-by-side
comparison, color-coded annotations (green >80%,
yellow 60-80%, orange 50-60%), comprehensive
metrics dashboard, downloadable reports (CSV, PDF).
Security: HTTPS encryption, temporary storage,
automatic cleanup, HIPAA compliance. Deployment:
Docker containerization, cloud compatibility (AWS,
Azure, GCP), DICOM/HL7 FHIR support.

IV.  RESULTS AND ANALYSIS

A. Overall Performance

SmartUro  achieved exceptional performance
exceeding all clinical thresholds: Precision 93.8%,
Recall 92.9%, F1-Score 0.930, mAP50 93.0%,
mAP50-95 78.2%, Processing Time 2.8s. These
results demonstrate clinical-grade accuracy with
balanced precision-recall trade-off critical for medical
applications.
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B. Modality-Specific Performance

Modality | n Precisio | Reca | mAPS | Tim
n 1 0 e

CT Scan | 18 | 952% | 94.1 | 94.8% | 2.6s
0 %

X-Ray 82 1928% |91.2 |91.5% | 2.4s
%

Ultrasou | 58 | 91.4% | 90.8 | 89.7% | 3.1s
nd %

MRI 32 193.1% | 923 |92.2% | 3.4s
%

CT scans achieved highest performance due to
superior contrast. Critically, all modalities maintained
>90% recall demonstrating robust generalization.

C. Performance by Stone Size

Category Range n Precision | Recall
Very Small | <3mm 68 | 88.2% 82.4%

Small 3-5Smm | 124 | 91.7% 90.3%
Medium 5-10mm | 112 | 94.8% 94.1%
Large >10mm | 48 | 96.4% 97.9%

Performance improves with stone size. Very small
stone detection (82.4% recall) approaches human-
level performance. Excellent performance on
medium-large stones (>5mm, 94-98% recall) ensures
clinically significant stones are rarely missed.

D. Comparative Analysis

Method Yea | mAP | Precisi | Reca | Tim
r 50 on 1 e
Rajput et | 202 | N/A | 87.3% | 84.2 | ~45
al. [5] 1 % s
Viswanath | 201 | N/A | 89.5% | 87.8 | ~12
et al. [6] 4 % Os
Slathia et | 202 | 91.2 | 90.8% | 90.1 | 3.2s
al. [9] 5 % %
Jacobetal. | 202 | 94.2 | 97.3% | 91.5 | 2.9s
[10] 5 % %
Sivapraka | 202 | 92.0 | 91.4% | 89.8 | 3.5s
sam et al. | 4 % %
[11]
SmartUro | 202 | 93.0 | 93.8% | 929 | 2.8s
5 % %

SmartUro achieves superior balanced performance
(F1=0.930) exceeding all compared methods. While
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Jacob et al. achieved higher precision, our superior
recall (92.9% vs 91.5%) is more clinically valuable for
reducing missed diagnoses. Dramatic speedup over

External Validation: Tested on completely unseen data
sources:

traditional methods (40-45%) enables real-time Dataset n mAP50 | Recall
workflows. Training Sources (Test | 352 | 93.0% | 92.9%
Set)

E. Ablation Study External Hospital A 85 190.2% | 89.1%
Configuration mAP50 | A External Hospital B 62 | 83.7% | 87.5%
Baseline YOLOv8n 88.4% | - Public Dataset C 124 | 91.5% | 90.8%
+ Data Augmentation 90.1% | +1.7%

+ CLAHE Preprocessing 91.3% | +1.2% Maintained >87% recall on unseen sources
+ Multi-dataset Training 92.2% | +0.9% demonstrating  strong  generalization  despite
+ArchitectureModifications | 92.7% | +0.5% equipment/protocol variations. Performance gap (2-
+ Loss Function Tuning 93.0% | +0.3% 4% mAPS50) is typical for medical Al and can be

Systematic optimization achieved +4.6% mAP50
Data augmentation
(+1.7%),

improvement over baseline.
largest

provided

single

improvement

highlighting training data diversity importance.

F. Clinical Workflow Study

Six radiologists (experience 3-15 years) reviewed 50
cases with/without SmartUro:

Metric Witho | With | Improvem | p-
ut ent value
Accuracy | 91.3% | 95.7 | +4.4% p<0.0
% 1
Time/Cas | 4.2 2.8 -33% p<0.0
e min min 01
Confiden | 3.8 4.4 +16% p<0.0
ce (0-5) 5
Agreeme | 0.82 091 | +11% p<0.0
nt (k) 1

reduced through local fine-tuning.

H. Error Analysis

False Positives (n=26): Vascular calcifications
(30.8%), bowel gas artifacts (23.1%), dense renal
parenchyma (19.2%). Mitigation: Additional training
data with negative examples, anatomical context
awareness.

False Negatives (n=29): Very small stones <3mm
(48.3%), low contrast images (24.1%), unusual
locations (13.8%). These cases challenge even
experienced radiologists, suggesting near human-level
performance limits.

I Computational Performance

Statistically significant improvements in efficiency,
accuracy, confidence, and inter-rater consistency
demonstrate meaningful clinical impact. The 33%
time reduction could substantially increase throughput
in busy departments.

G. Robustness and Generalization

Quality Variation Tolerance: System demonstrated
strong robustness with mAP50 drops of only 1.2%
(Gaussian noise 6=0.05), 2.3% (motion blur), 3.1%
(JPEG compression quality=30), 0.8% (brightness
+30%), 4.2% (contrast -50%). Even under severe
contrast reduction, performance remained >88.8%
mAP50, clinically acceptable.
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Hardware | GPU Inference Throughput
Time

High-end | RTX 1.8s 40 img/min
3090

Mid-range | RTX 2.8s 21 img/min
3060

Entry- GTX 4.2s 14 img/min

level 1660

CPU-only | Xeon 52s 1.2
Gold img/min

Excellent scalability across hardware. Even entry-
level GPU maintains clinically acceptable times (<5s).
CPU-only execution feasible for low-volume settings.
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V. DISCUSSION

A. Clinical Implications and Impact

SmartUro achieves performance suitable for clinical
deployment as diagnostic assistance. The 93.8%
precision and 92.9% recall compare favorably with
radiologist inter-observer agreement (85-95%) [15].
Clinical roles include: first-line screening in
emergency departments, quality assurance as second
reader, consistency enhancement reducing variability,
training support for medical education, and
telemedicine enablement in underserved areas.

Workflow study demonstrated meaningful impact:
33% time reduction (14,000 hours annually for
department processing 10,000 cases), 4.4% accuracy
improvement (440 additional correct diagnoses), 39%
reduction in missed stones (710—430), and estimated
$420,000 annual cost savings from operational
efficiency and reduced diagnostic errors.

B. Key Advantages

SmartUro offers critical advantages over existing
systems: (1) Multi-modal support maintaining >90%
recall across all imaging types; (2) Balanced
performance (F1=0.93) minimizing both false
positives and negatives; (3) Real-time processing
(<3s) enabling clinical integration; (4) Robust
generalization  through  multi-dataset  training
maintaining >87% recall on unseen sources; (5)
Comprehensive reporting with size, location, count,
calibrated confidence; (6) Deployment accessibility on
standard hardware without specialized equipment; (7)
User-friendly interface requiring minimal technical
expertise.

C. Limitations and Future Work

Current Limitations: (1) Single-class detection
without composition differentiation (treatment
implications); (2) 2D slice analysis rather than 3D
volumetric; (3) Ground truth quality dependency; (4)
Limited large-scale prospective clinical validation; (5)
No temporal tracking across studies; (6) Performance
variability with non-standard equipment.

Future Directions: (1) Multi-class classification for
stone composition (calcium oxalate, uric acid,
struvite) guiding treatment selection; (2) 3D
volumetric  analysis  for  accurate  volume
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measurements and full anatomical context; (3)
Temporal tracking incorporating prior scans for
treatment monitoring and progression analysis; (4)
Multi-organ detection extending to hydronephrosis,
renal  masses, gallstones; (5) Uncertainty
quantification through Bayesian methods, MC
dropout, or ensembles; (6) Explainable AI with
GradCAM, attention visualization, counterfactual
explanations; (7) Federated learning for privacy-
preserving  collaborative improvement; (8
Mobile/edge deployment through model optimization
for resource-constrained environments.

D. Ethical Considerations

Bias and Fairness: Training data may not fully
represent all demographics requiring diverse
validation.  Differential  performance  across
subpopulations could perpetuate healthcare disparities
if unmonitored.

Appropriate Use: Intended as assistance, not
replacement for clinical judgment. Over-reliance
could lead to radiologist deskilling or inappropriate
delegation.

Transparency: Limited interpretability of deep
learning internal processes. Exploring attention
visualization and gradient-based explanations.

Privacy: Strict HIPAA compliance essential with
comprehensive security measures, though deployment
institutions must ensure local regulation compliance.

VI.  CONCLUSION

This paper presented SmartUro, an Al-powered
kidney stone detection system achieving clinical-grade
performance (93.0% mAPS50, 93.8% precision, 92.9%
recall) with real-time processing (2.8s). Through
comprehensive multi-dataset integration (2,350
images across CT, MRI, X-ray, ultrasound),
systematic YOLOvVS optimization (+4.6% mAPS50
over baseline), and production-ready deployment
framework, SmartUro addresses critical gaps in
urological diagnostics.

Key achievements: superior balanced performance
(F1=0.930) exceeding existing methods, robust multi-
modality support maintaining >90% recall across all
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imaging types, strong small stone detection (88.9%
recall <Smm approaching human-level), clinical
workflow improvement (33% time reduction, 4.4%
accuracy gain, 39% fewer missed stones), excellent
hardware scalability from entry-level GPU to CPU-
only operation, and strong generalization (>87% recall
on completely unseen data sources).

SmartUro demonstrates Al's potential to augment
clinical expertise, improve diagnostic consistency,
extend capabilities to underserved areas, and enhance
patient outcomes. The system exemplifies responsible
Al development prioritizing clinical utility, patient
safety, algorithmic fairness, and transparent
evaluation. While limitations exist requiring ongoing
research, this work establishes a foundation for
production deployment of Al-assisted urological
diagnostics with meaningful real-world impact.
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