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Abstract

Kidney-related diseases such as cysts, stones, and tumors are
among the most common urological disorders worldwide, and
their early detection is critical for effective treatment and
improved patient outcomes. Traditional manual interpretation of
Computed Tomography (CT) scans by radiologists is time-
consuming, subjective, and prone to diagnostic variability. To
address these challenges, this project presents an Al-powered
Kidney Scan Analyzer that leverages Convolutional Neural
Networks (CNNs) for automated multi-class classification of
kidney CT scans. The system classifies scans into four
categories—Normal, Cyst, Stone, and Tumour—while providing
confidence scores to support medical decision-making.
Implemented as an end-to-end web application with a Flask
backend and a React + TypeScript frontend, the solution enables
seamless image upload, real-time prediction, and user-friendly
visualization. Extensive testing demonstrated an average
accuracy of approximately 90%, with response times under five
seconds, validating the system’s efficiency and reliability. This
project serves as a practical decision-support tool for radiologists,
improves diagnostic consistency, and provides a foundation for
future expansion into multi-organ disease detection.

Keywords— Convolutional Neural Network (CNN), Kidney
Stone Prediction, CT Scan Classification, Flask, React, Medical
Image Analysis, Al in Healthcare.

I. INTRODUCTION

Kidney-related diseases such as cysts, stones, and
tumors are among the most frequently diagnosed urological
conditions worldwide. Computed Tomography (CT) scans are
the primary imaging modality for identifying these
abnormalities, yet manual interpretation remains a challenging
process. Radiologists must carefully examine hundreds of
slices per patient, which is time-consuming, subjective, and
prone to diagnostic variability. As healthcare demands
continue to rise, this traditional approach struggles to deliver
consistent and timely results, especially in regions with limited
medical expertise.

In recent years, Artificial Intelligence (AI) and Deep
Learning (DL) have emerged as transformative technologies
in medical imaging. Unlike traditional machine learning
methods that rely on manual feature engineering,
Convolutional Neural Networks (CNNs) automatically learn
complex spatial features from medical images, enabling highly
accurate classification. CNN-based systems have demonstrated
the ability to outperform conventional image processing
pipelines in both speed and diagnostic precision.
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However, existing solutions often face limitations. Many
focus only on binary classification (healthy vs. diseased),
lack real-time deployment capability, or remain confined to
research settings without practical integration into clinical
workflows. Additionally, the absence of user-friendly
interfaces and scalable deployment frameworks restricts
adoption in real-world hospitals and diagnostic centers.

To overcome these challenges, this project
introduces an AI-Powered Kidney Scan Analyzer for the
multi-class classification of kidney CT scans. The system
is designed to categorize scans into four classes: Normal,
Cyst, Stone, and Tumor, while providing confidence
scores to support clinical decision-making. Unlike
traditional approaches, the proposed framework is
implemented as a complete end-to-end web application: a
Flask backend handles image preprocessing and prediction,
while a React + TypeScript frontend ensures interactive
and intuitive user access.

II. LITERATURE SURVEY

The integration of artificial intelligence (AI) and
deep learning into medical imaging has transformed
diagnostic practices, particularly for kidney-related disorders
such as cysts, stones, and tumors. To overcome these
challenges, researchers have increasingly applied machine
learning (ML) and Convolutional Neural Networks (CNNs)
to improve the accuracy, efficiency, and consistency of
kidney disease detection. Di Noia [1] demonstrated the use of
an ensemble of neural networks for forecasting end-stage
kidney disease, highlighting the value of predictive analytics
for early intervention. Huang et al. [2] combined data mining
with case-based reasoning to enhance chronic disease
management, showcasing hybrid methods for reliable clinical
decision support. Yeh et al. [3] applied data mining to predict
hospitalization risks in dialysis patients, enabling early
detection of complications.

Similarly, Kusiak et al. [4] used predictive models to
estimate survival times, reinforcing the role of data-driven
techniques in nephrology. In education, Antico et al. [3]
introduced the Unimib Assistant, a RAG chatbot for
university students, showing promise but noting retrieval
limitations. Neupane et al. [4] developed BARKPLUG V.2,
which achieved high factual accuracy (0.96) in campus
support. Beyond academia, Freitas and Lotufo [5] applied
RAG to retail via Retail-GPT, which improved shopping
assistance but revealed risks of hallucinations and security
issues.
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Several works have focused on accessibility and
personalization. Oreski and Vlahek [6] introduced Flowise Al
to simplify chatbot deployment for universities, while Wang et
al. [7] proposed UniMS-RAG, integrating retrieval and
generation for higher personalization. Nguyen and Quan [§]
presented URAG, a hybrid system combining rule-based
responses with RAG for university admissions, balancing
accuracy with cost efficiency. Khana et al. [9] evaluated Llama-
2 and Mistral models in RAG setups, confirming their value for
student services. In healthcare, Nayinzira and Adda [10]
developed SentimentCareBot, integrating sentiment analysis
with RAG to improve mental health chatbot interactions.

III. EXISTING SYSTEM

The diagnosis of kidney-related abnormalities is still
largely performed through manual interpretation of CT scans
by radiologists. While this method is effective, it is highly time-
consuming, dependent on expertise, and prone to human
error when analyzing large volumes of images. With the
growing demand for medical imaging, this manual process
often leads to delays and inconsistent results.

Some computational techniques have been introduced,
such as threshold-based segmentation, morphological
operations, and edge detection. These methods attempt to
detect stones or cysts but are limited by noise, variations in scan
quality, and patient anatomy. Similarly, classical machine
learning approaches like SVM, Decision Trees, and k-NN
require manual feature extraction, which is tedious and often
fails to capture complex patterns in CT images.

Although recent studies using Convolutional Neural
Networks (CNNs) show promising results, most are confined
to research prototypes. They are often restricted to binary
classification, trained on small datasets, and lack user-friendly
interfaces or real-time deployment in hospitals. This prevents
their practical use in clinical workflows.

Disadvantages of Existing Systems

e Manual diagnosis is slow, inconsistent, and burdensome for
radiologists.

¢ Image processing techniques fail to adapt to variations in
anatomy and scan quality.

e Classical ML models rely on handcrafted features and miss
complex patterns.

e Most Al solutions address binary classification only.

¢ Lack of deployment-ready, user-friendly systems for clinical
use.
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IV.PROPOSED SYSTEM

To overcome the limitations of traditional diagnostic methods,
the proposed solution introduces an AI-powered Kidney Scan
Analyzer that uses Convolutional Neural Networks (CNNs)
for multi-class classification of kidney CT scans. Unlike
manual interpretation or conventional machine learning
models, this system automatically learns complex visual
features and classifies scans into four categories: Normal,
Cyst, Stone, and Tumor. By integrating deep learning with a
web-based interface, the analyzer provides accurate,
consistent, and real-time diagnostic support for radiologists
and medical staff.

The architecture is organized into three key layers:

1. Image Processing:
Uploaded CT scans are pre-processed by resizing,
normalization, and augmentation techniques. This
ensures uniformity and prepares the data for CNN
input, improving the model’s ability to generalize
across varied scan qualities.

2. Model Inference:
The pre-trained CNN model processes the input image
and predicts the most likely class. Each prediction is
accompanied by a confidence score, which allows
doctors to assess the reliability of the Al-generated
output.

3. User Interaction:
A Flask backend handles predictions and
communicates with the React + TypeScript frontend,
which displays results in a clean, intuitive interface.
Additionally, the system generates PDF reports
containing predictions and confidence scores,
providing radiologists with documentation for clinical
use.

In addition, the system is designed with scalability and
modularity in mind. It can be extended to include more
disease categories or adapted for other organs such as the
brain, lungs, or liver. The modular architecture also enables
deployment on cloud platforms, ensuring accessibility for
hospitals and diagnostic centers in both urban and rural
regions.

Advantages of the Proposed System

e  Provides real-time, automated classification of
kidney CT scans.

o Eliminates manual feature engineering by
leveraging CNNs for deep feature extraction.

e Supports multi-class detection: Normal, Cyst,
Stone, and Tumor.

e Generates confidence scores, improving
transparency and clinical trust.

e Includes a modern, user-friendly web interface
for seamless operation.

e Designed for scalability, cloud deployment,
and future expansion to other organs.
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e Frontend:
A React + TypeScript web application is developed as
the user interface. It allows users to upload CT scans,
view real-time predictions, and access results in an
= interactive manner. The frontend ensures a smooth user
] experience through a clean design and supports
responsiveness across devices. This makes the system
— Y. — practical for use in hospitals, diagnostic centers, and
( Query Sent to Backend ) even mobile health applications
- - e  Reporting Module:
The system integrates a reporting mechanism that
generates PDF reports containing prediction results and
confidence scores. This feature enables radiologists to
maintain digital records, share diagnostic outcomes, and
utilize results as decision-support tools in clinical

Kidney Stones
Prediction Process

( User Initiates Query

( Retrieves Kidney CT Scan lmages)

(CNN Model Classifies |mage§

practice.
g e Workflow:
( Prediction Returned to User ) 1. The user uploads a kidney CT scan through the frontend
R - interface.
- ‘ 2. The Flask backend receives and preprocesses the image.
( User Provides Feedback ) 3. The CNN model classifies the scan into Normal, Cyst, Stone,
N - or Tumor.
Fig 1: Proposed Model 4. ghe prgdiction with confidence score is sent back to the
rontend.

5. A PDF report is generated and stored for medical reference.
V. IMPLEMENTATIONS This modular implementation ensures that the system is
accurate, scalable, and user-friendly. It not only supports real-
time analysis but also lays the foundation for future extensions

The implementation of the CNN-based Kidney Scan Analyzer such as multi-organ disease classification, cloud deployment,
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is organized into four major components: data preparation,
backend, frontend, and reporting module. Each component is
designed to ensure efficient image classification, smooth
workflow, and real-time interaction for end users.

e Data Preparation:

Kidney CT scan images are collected from publicly
available datasets. The images undergo preprocessing steps
such as resizing, normalization, and augmentation to
improve model generalization. The dataset is split into
training and testing sets, and then fed into a Convolutional
Neural Network (CNN) for feature extraction and
classification. This ensures the system can accurately
differentiate between Normal, Cyst, Stone, and Tumor
cases.

e Backend:
The backend is implemented using Python and Flask. It
acts as the bridge between the trained CNN model and the
user interface. When a CT scan is uploaded, the backend
handles preprocessing, executes the model inference, and
generates predictions along with confidence scores. The
backend also supports communication with the reporting
module, ensuring results are logged and exported
efficiently.
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and integration with electronic medical record (EMR)
systems..

VI. DEPLOYMENT DIAGRAM

Qser Initiates Query)

v

Query Sent
to Backend

Retriever Fetches
Relevant Chunks

v

Response Returned
to User

4

Gser Provides Feedb@

Fig 2: Use Case Deployment Diagram
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VIII. RESULTS AND DISCUSSION

PREDICTION OF KIDNEY STONES USING CNN

VII. FLOW-CHART
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This bar chart illustrates the classification accuracy of the
CNN model across four kidney scan categories: Normal,
N Cyst, Stone, and Tumor. The model achieved the highest
@ Image accuracy for Normal scans at around 92%, followed by Stone

Preprocessing and Tumor predictions, both above 88%. Cyst images
recorded slightly lower accuracy, in the mid-80% range, due
to overlapping visual features. Overall, the graph
demonstrates that the CNN reliably classifies kidney CT
scans across all categories, with only minor variations
between classes.
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This bar chart presents a performance comparison between
different diagnostic approaches: Support Vector Machine
(SVM), Decision Tree, Artificial Neural Network (ANN), and
the proposed CNN model. While traditional methods such as
SVM and Decision Tree achieved accuracies in the 70-78%
range, ANN performed slightly better at around 82%. The
CNN model clearly outperformed all baselines, reaching an
overall accuracy of about 90%. The graph highlights CNN’s
strength in handling complex medical image features more
effectively than conventional models.

Fig 3: Flow-Chart
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IX. CONCLUSIONS

Feedback Analysis

The proposed CNN-based Kidney Scan Analyzer
SUgoRtions successfully demonstrates the potential of deep learning in
Negative medical image classification. By automating the detection of
Normal, Cyst, Stone, and Tumor cases from CT scans, the
system addresses the limitations of manual interpretation,
which is often time-consuming, subjective, and prone to
human error. The integration of preprocessing techniques and
Neutral CNN-based feature extraction ensured robust performance,
achieving an accuracy of around 90% across diverse test

cases.

P The implementation of the solution as a complete end-to-end

framework further enhances its practicality. With a Flask
backend for model inference and a React frontend for user
interaction, the system provides real-time predictions,
confidence scores, and automated report generation. These
Fig 7: Feedback Analysis Pie-chart features make it not just a research prototype but a deployable
decision-support tool capable of assisting radiologists in
clinical environments.

The results and user feedback highlight that the system
is accurate, scalable, and user-friendly. Most participants rated
the analyzer as Excellent or Good, appreciating its accuracy
and ease of use. However, minor challenges such as slightly
lower accuracy in cyst detection and occasional delays in data
processing indicate areas for improvement. Addressing these
limitations will further strengthen the reliability and
acceptance of the system in real-world healthcare settings.

This pie chart illustrates user feedback collected during testing of
the kidney scan analyzer. A majority of participants rated the
system as Excellent (65%) or Good (10%), indicating strong
acceptance and usability. Around 20% provided an Average rating,
suggesting room for improvement in certain cases. Only 5% rated
the system as Poor, mainly citing issues with data upload delays.
Overall, the chart shows that user feedback was highly positive,
with over 80% of responses falling into the Excellent or Good
categories.

Fig 8: Performance Metnics per Class (Proposed) LOOkiIlg ahead, the project provides a strong
Pt foundation for future enhancements. Potential directions

S include expanding the model to support multi-organ disease
detection, integrating explainable

10

08

X. FUTURE ENHANCEMENTS

0.6
fg While the current CNN-based Kidney Scan Analyzer demonstrates
oie strong performance in classifying CT scans into Normal, Cyst, Stone,
and Tumor, several enhancements can be introduced to improve
scalability, usability, and adaptability in clinical practice:
0.2
e Mobile Application: Extend support for Android and
iOS platforms, enabling students and staff to access
= L policies and submit queries on the go. Push notifications
Lo i can keep users updated on policy changes, new circulars,
or feedback responses.

Fig 8: Performance Metrics e  Multilingual Support: Incorporate machine translation
and multilingual embeddings to support students from
diverse linguistic backgrounds, ensuring inclusivity and

This bar chart represents the percentage of user accessibility.
satisfaction across four metrics: Accuracy, Speed, Ease
of Use, and Interface Design. Accuracy and Ease of Use e Advanced Analytics: Provide administrators with
received the highest ratings, each above 50%, dashboards that track frequent queries, unresolved issues,
confirming the model’s reliability and user-friendliness. and trends in feedback. This can help identify knowledge
Speed achieved slightly lower scores at around 25%, gaps, improve documentation, and optimize institutional
while Interface Design scored in the mid-20% range. communication strategies.

Collectively, these results show that users were satisfied
with the system’s functionality, particularly its accuracy
and ease of use, while identifying minor.
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e Cloud Deployment: Host the system on cloud platforms
to enable remote access, scalability, and seamless
integration with hospital networks. This will also facilitate
use in rural or resource-limited healthcare environments.

e Explainable AI (XAI): Implement heatmaps or Grad-
CAM visualizations to highlight regions of CT scans that
influence the CNN’s predictions. This will enhance
transparency and build trust among medical professionals.

e Voice-based Interaction: Enable speech-to-text and text-
to-speech capabilities so that radiologists can interact with
the system hands-free, improving usability in fast-paced
clinical environments.

e Dataset Expansion: Expand training datasets with more
diverse and balanced CT scans, ensuring improved
accuracy across rare cases and minimizing biases in
prediction..

e Security Enhancements: Strengthen patient data privacy
through encryption, secure authentication, and compliance
with healthcare regulations such as HIPAA and GDPR.

¢ Continuous Learning Pipeline: Automate retraining of
the CNN model whenever new CT scan data becomes
available, ensuring the system remains up-to-date with the
latest clinical knowledge.
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