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Abstract—Kidney diseases have become a major global health
concern, requiring early and accurate diagnosis to prevent severe
complications. Traditional diagnostic methods based on manual
analysis of CT scan images are time-consuming and highly
dependent on the expertise of radiologists, often leading to
inconsistencies and delays. This paper presents an automated
kidney condition classification system using deep learning and
machine learning techniques. The proposed system utilizes pre-
trained convolutional neural networks, namely ResNet101 and
InceptionV3, for extracting high-level features from CT scan
images. These features are then classified using the K-Nearest
Neighbors (KNN) algorithm into four categories: Normal, Stone,
Cyst, and Tumor. The integration of deep learning and machine
learning enhances classification accuracy and reduces manual
effort. Experimental results demonstrate that the proposed
system achieves high accuracy and reliability, making it suitable
for assisting medical professionals in clinical diagnosis and
decision-making.

Index Terms—Kidney Disease, Deep Learning, ResNetl101,
InceptionV3, KNN, CT Images, Classification.

1. INTRODUCTION

Kidney diseases are rapidly increasing due to unhealthy
lifestyles, environmental factors, and genetic conditions.
These diseases can lead to severe complications, including
kidney failure, if not diagnosed at an early stage. Computed
Tomography (CT) imaging is widely used for detecting
kidney abnormalities such as stones, cysts, and tumors.
However, manual interpretation of CT images by radiologists
is time-consuming and prone to human error.

The advancement of Artificial Intelligence (AI) has
significantly improved medical image analysis. Machine
learning and deep learning techniques enable automated
detection and classification of diseases with high accuracy.
Convolutional Neural Networks (CNNs) are particularly
effective in extracting complex patterns from medical images.
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Project Overview

This project focuses on automated kidney condition
classification using deep learning and machine learning
techniques applied to CT scan image datasets. Preprocessing
and feature extraction methods are used to obtain meaningful
information from medical images. Deep learning models such
as ResNetl0l and InceptionV3 are employed for feature
extraction, and the K-Nearest Neighbors (KNN) algorithm is
used for classification. The system categorizes images into
Normal, Stone, Cyst, and Tumor classes and provides results
through a user-friendly interface. Visualization techniques are
used to analyze model performance and improve decision-
making.

With the increasing prevalence of kidney diseases due to
lifestyle and environmental factors, early detection has
become essential. CT scan data collected from medical sources
is analyzed using advanced techniques to improve diagnostic
accuracy. The proposed system assists healthcare professionals
by enabling faster and more reliable diagnosis while reducing
manual effort and minimizing human error.

A. Problem Definition

The objective is to design and implement an automated system
for kidney condition classification by leveraging medical CT
scan images and advanced deep learning techniques. The
system aims to assist healthcare professionals by accurately
identifying kidney abnormalities such as stones, cysts, and
tumors at an early stage. In addition to improving diagnostic
accuracy, the system should reduce the dependency on manual
analysis and minimize the chances of human error. The
proposed solution must efficiently handle large volumes of
medical image data and provide fast and reliable classification
results. Furthermore, the system should include a user-friendly
interface that allows easy interaction and interpretation of
results, enabling effective clinical decision-making.

Page 7


mailto:bindupallapothu08@gmail.com

International Journal of Advanced Technology in Engineering

B. Objectives

The main objectives of the proposed system are:

* To classify kidney conditions automatically using CT scan
images.

* To identify and analyze different kidney abnormalities such
as stone, cyst, and tumor.

* To improve the accuracy and reliability of medical
diagnosis.

* To assist healthcare professionals in early detection and
decision-making.

II. LITERATURE REVIEW

Several studies have explored the application of machine
learning and deep learning techniques for medical image
analysis and kidney disease classification. These studies aim
to assist healthcare professionals in diagnosing kidney
conditions, improving accuracy, and supporting clinical
decision-making processes. Kumar and Gupta [1] analyzed
medical image data using various machine learning
algorithms to classify kidney abnormalities. Their study
demonstrated that supervised learning models can improve
classification accuracy when trained on labeled datasets.
However, their approach relied heavily on manual feature
extraction and did not utilize deep learning models for
automatic feature learning. He et al. [2] introduced the
ResNet architecture, which has been widely used in medical
image classification due to its ability to train deep neural
networks efficiently. ResNet models use residual connections
to overcome the vanishing gradient problem and have shown
strong performance in extracting complex features from
medical images. Szegedy et al. [3] proposed the Inception
architecture, which improves computational efficiency by
using multiple convolution filters of different sizes.
Inception-based models have demonstrated high accuracy in
image classification tasks, including medical imaging
applications, due to their ability to capture multi-scale
features effectively. Litjens et al. [4] presented a
comprehensive survey on deep learning in medical image
analysis, highlighting the effectiveness of convolutional
neural networks in disease detection and classification. Their
work emphasized that deep learning models significantly
outperform traditional methods in terms of accuracy and
robustness, but require large datasets and computational
resources. Isensee et al. [5] explored the application of deep
learning frameworks for medical image segmentation and
classification, demonstrating improved performance in
detecting abnormalities in CT scan images. However, their
approach focused primarily on segmentation tasks and lacked
integration with simple classification algorithms for efficient
prediction. Despite significant advancements in medical
image analysis, many existing systems depend on large
datasets, high computational resources, and complex
architectures. Additionally, some methods lack integration
between deep learning feature extraction and lightweight
classification techniques. These limitations motivate the
proposed system, which combines efficient deep learning
models with a simple machine learning classifier to achieve
high accuracy, faster processing, and reliable kidney
condition classification.
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II. EXISTING SYSTEM

Machine learning and image processing techniques have been
widely applied in medical imaging for disease detection,
primarily focusing on assisting radiologists in diagnosis and
analysis. Litjens et al. introduced deep learning-based
frameworks for medical image analysis, demonstrating how
convolutional neural networks can improve detection accuracy
by automatically extracting features from images. Kumar et al.
discussed existing medical diagnostic systems that rely on
traditional machine learning techniques and proposed methods
for analyzing CT scan images using handcrafted features. These
systems assist healthcare professionals by extracting useful
information from medical datasets and identifying abnormalities
using basic classification algorithms.

The effectiveness of these approaches has been demonstrated in
various medical imaging applications. Isensee et al. explored the
application of deep learning models for segmentation and
classification of medical images, focusing on detecting
abnormalities in CT scan datasets. Their study emphasized
automated feature extraction and improved detection accuracy.
However, these systems often require large datasets and high
computational resources. Although these approaches provide
valuable insights, they suffer from several limitations when
applied to real-time and large-scale medical diagnosis systems.

A. Challenges in Existing System
Despite the availability of medical imaging data and advanced
analytical tools, existing diagnostic systems face several critical
challenges that limit their effectiveness. One of the primary
challenges is the rapid increase in medical image data, which
makes storage, processing, and analysis more complex.
Traditional systems are not designed to efficiently handle large-
scale, high-dimensional image datasets.
Another major challenge is data quality. Medical images
collected from different sources may contain noise, variations in
resolution, and inconsistencies, which negatively impact
classification accuracy. Additionally, limited access to well-
labeled datasets restricts model training and evaluation. Most
existing systems rely heavily on manual intervention and lack
real-time processing capabilities, making them less efficient for
clinical use.
Furthermore, existing systems provide limited visualization and
decision-support features, making it difficult for healthcare
professionals to interpret results quickly and accurately. These
challenges highlight the need for an intelligent, automated, and
scalable kidney condition classification system

B. System Architecture Overview

The architecture of the existing medical image analysis systems
generally follows a basic pipeline consisting of data collection,
preprocessing, feature extraction, and classification. However,
these systems often rely on manual or traditional feature
extraction techniques, which limit their ability to capture
complex patterns in medical images.

The data collection module gathers CT scan images from
hospitals and publicly available datasets. This raw data is passed
to the preprocessing module, where noise is reduced, images are
resized, and normalization is applied. The processed data is then
used for feature extraction, typically using conventional
methods.
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Finally, classification algorithms such as basic machine
learning models are applied to categorize the images.

Although this architecture provides a structured approach, it
lacks the efficiency, scalability, and accuracy required for

modern medical diagnosis systems.

C. Motivation for Proposed System

The motivation for developing the proposed kidney condition
classification system arises from the limitations and
challenges of existing diagnostic approaches. With the
increasing number of kidney-related diseases and the
availability of large volumes of medical imaging data, there is
a strong need for automated systems that can analyze CT scan
images efficiently and provide accurate classification results.
Advancements in deep learning and machine learning provide
powerful tools for extracting complex features and identifying
hidden patterns within medical images. By leveraging these
techniques, healthcare professionals can move from traditional
manual diagnosis to automated and intelligent systems that
improve accuracy and reduce diagnostic time. The motivation
is to assist medical experts in detecting kidney abnormalities
such as stones, cysts, and tumors at an early stage and support
effective treatment planning. Additionally, the proposed
system aims to provide user-friendly visualization and
decision-support ~ mechanisms  that  simplify  result
interpretation. By improving classification accuracy and
providing reliable outputs, the system supports informed
clinical decision-making and contributes to enhanced
healthcare services.

D. Disadvantages of Existing System

The major drawbacks of the existing systems include:

* Rapid increase in medical image data that is difficult to
store and manage.

* Variations in image quality, noise, and inconsistencies
affecting classification accuracy.

* Limited availability of well-labeled medical datasets for
training.

* Lack of real-time processing and automated diagnostic
capabilities.

IV. PROPOSED SYSTEM

The proposed system employs deep learning and machine
learning techniques for automated kidney condition
classification. CT scan images are collected from medical
datasets and include different categories such as Normal,
Stone, Cyst, and Tumor. Data preprocessing is performed to
handle noise, improve image quality, and normalize pixel
values, followed by feature extraction using deep learning
models such as ResNet101 and InceptionV3.

The extracted features are then used as input for the K-
Nearest Neighbors (KNN) classifier to perform accurate
classification of kidney conditions. The system integrates
preprocessing, feature extraction, and classification into a
structured pipeline to ensure efficient performance.
Visualization techniques such as accuracy graphs and
confusion matrices are used to analyze model performance.
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The primary objective of the system is to demonstrate how
deep learning and machine learning can assist healthcare
professionals in detecting kidney diseases more efficiently and
accurately. The system can be extended to real-time hospital
environments and integrated with advanced medical systems.

V. MACHINE LEARNING ALGORITHMS USED

This section describes the deep learning and machine
learning algorithms employed in the proposed kidney
condition classification system. ResNetl01, InceptionV3,
and KNN classifier are used to extract features and perform
accurate classification based on CT scan images..

A. ResNetl0]

ResNet101 is a deep convolutional neural network used for
feature extraction in image classification tasks. It introduces
residual learning through skip connections, which helps in
training very deep networks by overcoming the vanishing
gradient problem. In the proposed system, ResNet101 is used
to extract high-level features from CT scan images. The model
captures complex patterns and structures present in medical
images, which are essential for accurate classification.
ResNet101 improves feature representation and contributes to
better performance of the classification model..

B. InceptionV3
InceptionV3 is a deep learning model designed to improve
computational efficiency and accuracy by using multiple
convolution filters of different sizes. It captures features at
different scales and reduces the number of parameters required
for training.
In this project, InceptionV3 is used as a feature extractor
alongside ResNetl01. It enhances the model’s ability to capture
diverse image features, improving classification accuracy. The
combination of these two models provides a strong feature
representation for kidney condition classification.

C. KNN Classifier
K-Nearest Neighbors (KNN) is a supervised machine learning
algorithm used for classification tasks. It classifies input data
based on similarity with neighboring data points in the feature
space.
In the proposed system, KNN is used to classify CT scan
images based on the features extracted by deep learning
models. The algorithm calculates the distance between feature
vectors and assigns the class based on majority voting. KNN
is simple, effective, and works well with high-quality feature
representations generated by deep learning models.

D. Advantages of Proposed System

The proposed system offers several advantages:
* Accurate classification of kidney conditions.
* Faster diagnosis compared to manual analysis.
* Reduced dependency on expert radiologists.
* Improved reliability and consistency in results.
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VI. RESULTS AND DISCUSSION

The performance of the proposed kidney condition
classification system is evaluated using standard classification
metrics, including accuracy, precision, recall, and F1-score.
The experimental results are compared with existing
approaches to demonstrate the effectiveness of the proposed
deep learning and machine learning-based method.

The proposed system achieved an overall accuracy of
approximately 99%, which is significantly higher than
traditional methods. Improvements are also observed in
precision, recall, and F1-score, indicating better classification
performance and reduced misclassification. These results
confirm that the combination of deep learning models such as
ResNet101 and InceptionV3 with the KNN classifier
enhances classification accuracy and reliability in detecting
kidney conditions.

A. Image-Based Feature Analysis

Kidney condition classification is strongly influenced by
image features such as texture, shape, and intensity variations
in CT scan images. To analyze these patterns, feature-based
analysis was performed using deep learning models. The
extracted features represent important structural details that
help differentiate between Normal, Stone, Cyst, and Tumor
classes. The analysis indicates that kidney stones are
identified by high-intensity regions, cysts by smooth fluid-
filled structures, and tumors by irregular shapes and textures.
These variations enable the model to accurately distinguish
between different kidney conditions. Such feature-based
insights are valuable for improving classification accuracy
and understanding disease characteristics.

B. Confusion Matrix Analysis

Fig. 1 illustrates the confusion matrix for the kidney
condition classification model. The diagonal elements
represent correctly classified instances, while off-diagonal
elements indicate misclassifications. A higher concentration
of values along the diagonal demonstrates the model’s strong
classification capability across all four kidney condition
categories. The limited number of misclassified samples
confirms the robustness and reliability of the proposed system.
Most errors occur between similar classes such as cyst and
tumor, which share certain visual characteristics. However,
the overall performance remains highly accurate and
consistent.

C. Kidney Condition Distribution

Fig. 2 shows the distribution of different kidney condition
classes in the dataset. Conditions such as normal cases and
cysts occur more frequently compared to stone and tumor
cases. This distribution helps in understanding the dataset
balance and model performance across different categories.
The analysis also highlights the importance of balanced
datasets for improving classification accuracy. Understanding
the distribution of kidney conditions assists healthcare
professionals in identifying common disease patterns and
planning effective diagnosis strategies.
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Fig. 2 Kidney Condition Distribution

D. Kidney Condition Distribution Based on Class

Fig. 3 presents the distribution of kidney condition cases
based on different classes in the dataset. The results indicate
that normal and cyst cases account for a higher number of
samples compared to stone and tumor cases, while a smaller
proportion belongs to less frequent categories. This insight
highlights the importance of class-wise data analysis and
supports the development of balanced and accurate
classification models for medical diagnosis.

Overall, the experimental evaluation demonstrates that the
proposed system provides accurate classification results,
meaningful visual insights, and valuable support for
healthcare decision-making.
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TABLE 1
COMPARISON OF EXISTING AND PROPOSED SYSTEMS

Metric Existing System | Proposed System
Accuracy 75% 99%
Precision 2% 98%

Recall 70% 98%
F1-Score 1% 98%

Class Distribution

Number of Images

Tumor

Normal

Stone Cyst

Fig. 3.Class Distribution

The results confirm that the proposed system significantly
outperforms existing approaches in terms of accuracy and
reliability.

VII. CONCLUSION

This paper presents an effective deep learning and machine
learning-based system for kidney condition classification
using CT scan images. The proposed approach integrates
preprocessing, feature extraction, and classification techniques
to analyze medical images and identify kidney abnormalities
accurately. Among the implemented models, the combination
of ResNet101, InceptionV3, and KNN classifier demonstrates
superior performance due to its ability to extract complex
features and classify them effectively.

Experimental results show that the proposed system
significantly outperforms traditional methods, achieving
higher accuracy, precision, recall, and F1-score. The use of
visualization techniques such as confusion matrix analysis and
class distribution provides deeper insights into classification
performance. These visual representations assist healthcare
professionals in understanding disease patterns and improving
diagnostic decisions.

Overall, the proposed system proves to be a reliable
decision-support tool for automated kidney disease
classification. By enabling early detection and accurate
diagnosis, the system contributes to improving healthcare
outcomes and reducing the workload on medical
professionals.
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VIII. FUTURE ENHANCEMENTS

The proposed kidney condition classification system can be
further enhanced in several directions to improve its accuracy,
scalability, and real-world applicability.

A. Integration of Real-Time Medical Data

The current system primarily relies on static datasets for
classification. In future implementations, real-time medical
data from hospitals and diagnostic centers can be integrated.
This enhancement will enable continuous monitoring and
faster diagnosis of kidney conditions.

B. Application of Advanced Deep Learning Models

Although the current system uses effective deep learning
models, advanced architectures such as EfficientNet,
DenseNet, and Vision Transformers can be explored to further
improve classification accuracy and performance.

C. Incorporation of of Clinical and Patient Data

Future versions of the system can incorporate additional
information such as patient history, laboratory reports, and
demographic data. Including these factors will provide a more
comprehensive analysis and improve prediction accuracy.

D. Advanced Image Analysis Techniques

Advanced image processing techniques such as
segmentation and region-based analysis can be integrated to
identify specific affected areas within the kidney more
precisely.

E. Scalable Cloud-Based Deployment

Deploying the system on a cloud-based platform will
improve scalability and accessibility. Healthcare institutions
can access the system remotely and process large datasets
efficiently.

F. Mobile and Web-Based Application Development

The system can be extended into mobile and web-based
platforms to allow easy access for doctors and healthcare
providers. Interactive dashboards and visualization tools will
enhance usability and decision-making.

G. Automated Alert and Recommendation System

An automated alert system can be developed to notify
healthcare professionals when critical conditions are detected.
Recommendation systems can also be implemented to suggest
possible treatments or further medical analysis based on
predictions.

Page 11



(1]

(9]

International Journal of Advanced Technology in Engineering

REFERENCES

A. Dosovitskiy et al., “An image is worth 16x16 words: Transformers
for image recognition at scale,” in Proc. Int. Conf. on Learning
Representations (ICLR), 2021.

F. Isensee et al., “nnU-Net: Self-adapting framework for medical image
segmentation,” Nature Methods, vol. 18, pp. 203-211, 2021.

K. Sharma, A. Verma, and R. Singh, “Deep learning-based kidney
stone detection using CT images,” International Journal of Advanced
Computer Science and Applications, vol. 13, no. 4, pp. 1-8, 2022.

M. Tan and Q. Le, “EfficientNet: Rethinking model scaling for
convolutional neural networks,” in Proc. Int. Conf. on Machine
Leaming (ICML), 2019.

P. Kumar, S. Gupta, and D. Sharma, “Hybrid CNN-based approach for
kidney disease classification,” Journal of Healthcare Engineering, 2020.

G. Litjens et al., “A survey on deep learning in medical image
analysis,” Medical Image Analysis, vol. 42, pp. 60—88, 2017.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Conf. on Computer Vision and Pattern
Recognition (CVPR), 2016, pp. 770-778.

C. Szegedy et al., “Rethinking the inception architecture for computer
vision,” in Proc. IEEE Conf. on Computer Vision and Pattern
Recognition (CVPR), 2016, pp. 2818-2826.

1. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. Cambridge,
MA, USA: MIT Press, 2016.

[10] T. Hastie, R. Tibshirani, and J. Friedman, The Elements of Statistical

Learning. New York, NY, USA: Springer, 2009.

Volume. No. 14, Issue No. 04, April 2026
(ISSN: 2319-8354)

Page 12





