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Abstract: A sophisticated use of artificial intelligence, multi-class medical image analysis for illness
diagnosis helps with the automatic identification and categorization of several diseases from
medical photographs. Accurate and effective diagnostic systems are becoming more and more
necessary as medical imaging technologies like MRIs, CT scans, and X-rays expand quickly.
Conventional manual diagnosis is prone to human error and can be time-consuming. Deep learning
methods, in particular Convolutional Neural Networks (CNNs), are frequently employed to
evaluate intricate visual patterns and categorize them into various illness groups in order to
overcome this difficulty.The objectives of this system are to facilitate early disease identification,
lessen the workload for medical professionals, and increase diagnostic accuracy. The system learns
to distinguish between different illness conditions like pneumonia, TB, cancer, and normal
instances by using vast datasets of annotated medical images to train models. The suggested
method aids physicians with accurate forecasts and improves clinical decision-making. All things
considered, multi-class medical image analysis is important to contemporary healthcare since it
offers quicker, more affordable, and precise illness diagnosis.
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1. INTRODUCTION data that need to be carefully analyzed.

Medical picture interpretation has historically

Early disease detection and diagnosis are now relied on qualified radiologists and

more easier for medical professionals thanks specialists; nevertheless, manual

to the quick development of medical imaging examination can be costly, time-consuming,

technologies.  Imaging  methods  like and occasionally prone to human mistake.

ultrasound, magnetic resonance imaging The demand for automated and intelligent

(MRI), computed tomography (CT), and X- diagnostic solutions is rising in tandem with
rays produce vast amounts of complicated the quantity of patients and medical data.
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A potent remedy for medical picture
analysis is artificial intelligence (Al), namely
machine learning (ML) and deep learning
(DL). Convolutional Neural Networks
(CNNs), in particular, are deep learning
models that can automatically identify
complicated patterns and extract significant
information from photos. The method
categorizes photos into more than two illness
categories, such as normal, pneumonia, TB,
or cancer, in multi-class medical image
analysis. Accurate decision-making is
supported and diagnostic efficiency 1is
increased using this multi-class classification
method.

High accuracy and dependability can
be attained by Al-based systems by utilizing
sophisticated neural network topologies and
sizable datasets. These technologies help
physicians by avoiding errors, lowering
diagnostic  effort, and making fast
predictions. Multi-class medical image
analysis is so essential to contemporary
healthcare  since it makes disease
identification quicker, more accurate, and
less expensive, which eventually improves
patient outcomes.

Furthermore, access to high-quality
healthcare is improved by the incorporation
of Al-based diagnostic technologies into
clinical practice, particularly in underserved
and distant places where skilled radiologists
might not be easily accessible. The
performance of these systems is further
reinforced by ongoing developments in deep
learning architectures, data pretreatment
methods, and processing capacity. Multi-

class medical image analysis has the potential
to develop into a reliable clinical assistance
tool with the right validation and ethical
concerns. As a result, it is a revolutionary
move toward patient-centered, data-driven,
and intelligent healthcare solutions..

2. LITERATURE SURVEY

2.1 “Deep Convolutional Neural Networks
for Multi-Class Chest Disease

Authors: Wang, X., Peng, Y., Lu, L., Lu,
Z.., Bagheri, M., &Summers

Abstract: Wang et al. proposed a deep
Convolutional Neural Network (CNN) model
for large-scale chest X-ray image
classification. The study introduced the
ChestX-rayl4 dataset and demonstrated
multi-class disease detection including
pneumonia, edema, fibrosis, and other
thoracic diseases. The model utilized transfer
learning to improve performance with limited
labeled data. Experimental results showed
that deep learning significantly improves
classification  accuracy compared to
traditional machine learning approaches.
This research laid the foundation for
automated  multi-class  chest  disease
diagnosis.

2.2 “Deep Learning for Skin Lesion
Classification”

Authors: Esteva, A., Kuprel, B., Novoa, R.
A., Ko, J., Swetter, S. M., Blau, H. M., &
Thrun, S. (2017)
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Abstract: Esteva et al.developed a CNN-
based deep learning framework for multi-
class skin cancer classification using
dermoscopic images. The model was trained
on a large dataset and achieved
dermatologist-level performance. The study
highlighted the power of transfer learning
using pre-trained models such as Inception.
The results demonstrated that deep neural
networks can effectively classify multiple
skin diseases with high accuracy. This work
proved the potential of Al-based diagnosis in
real-world clinical settings.Furthermore, the
authors emphasized the importance of large-
scale labeled datasets in improving model
accuracy and generalization. Extensive
validation was performed to ensure the
reliability of the system across different skin
lesion categories. The study also discussed
the potential of deploying such Al systems in
mobile and clinical environments to support
early screening. By reducing dependency on
specialized expertise, the model can assist in
early detection and timely treatment of skin
cancer. Overall, this work significantly
contributed to advancing deep learning
applications in dermatology and multi-class
medical image classification.

2.3 “Attention-Based CNN for Brain
Tumor Classification”

Authors: Islam, M., Zhang, Y., & others
(2019)

Abstract: Islam et al. proposed an attention-
guided Convolutional Neural Network for
multi-class brain tumor classification using
MRI images. The model incorporated

attention mechanisms to focus on tumor
regions within MRI scans. The system
classified images into glioma, meningioma,
pituitary tumor, and normal classes.
Experimental evaluation showed improved
accuracy compared to standard CNN models.
The study emphasized the importance of
region-focused learning in medical image
analysis.

2.4 “Ensemble Deep Learning for Multi-
Class Lung Disease Detection”

Authors: Rajpurkar, P., Irvin, J., Zhu, K.,
Yang, B., Mehta, H., Duan, T., et al. (2018)

Abstract: Rajpurkar et al. introduced
CheXNet, a deep learning model based on
DenseNet architecture for multi-class
thoracic disease detection from chest X-rays.
The study compared the model’s
performance with practicing radiologists and
achieved competitive results. The research
demonstrated that ensemble and deep
architectures enhance robustness and
diagnostic performance. The model showed
high sensitivity in detecting pneumonia and
other lung conditions. This work highlighted
the clinical applicability of Al in multi-class
disease diagnosis.In addition, the study
addressed key challenges such as class
imbalance and variability in image quality,
which are common in real-world medical
datasets. The researchers applied
preprocessing  techniques and  data
augmentation methods to enhance model
robustness and  reduce  overfitting.
Performance metrics such as accuracy,
sensitivity, and specificity were used to
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evaluate the effectiveness of the model across
multiple disease classes. The results indicated
that deep learning systems can consistently
identify malignant and benign lesions with
high confidence. This research further
strengthened the evidence that Al-driven
diagnostic tools can play a vital role in
improving accessibility, efficiency, and
accuracy in skin disease detection. This study
also opened opportunities for integrating Al
systems into telemedicine platforms for
remote diagnosis. It demonstrated that deep
learning can serve as a reliable decision-
support tool for dermatologists in clinical
practice.

3. METHODOLOGY
a) Proposed Work:

A deep learning-based framework for multi-
class medical picture analysis is introduced
by the suggested system. It uses cutting-edge
Al methods, specifically Convolutional
Neural Networks (CNNs), to automatically
extract data from medical photos. This
methodology eliminates the need for manual
feature extraction, in contrast to conventional
techniques. Within the visual data, the deep
learning  model  automatically  finds
significant patterns, textures, and structures.
Efficiency is greatly increased, and reliance
on features created by humans is decreased.
The model's versatility is increased by the
automatic feature learning capacity. Large
datasets can be efficiently processed by it
without the need for human participation. As
a result, the suggested system provides a
more scalable and intelligent solution.. The

system is specifically made to classify
medical photos into multiple classes for
disorders. Images can be categorized into
several classifications, including normal, TB,
pneumonia, brain tumor types, and other
medical disorders. The program learns
intricate visual patterns linked to every illness
category through training on sizable and
varied datasets. Normalization and scaling
are examples of data preparation procedures
used to guarantee consistent input quality. In
order to reduce overfitting and enhance
dataset variability, data augmentation
techniques are employed. This enhances the
resilience and generalization of the model.
Consequently, the system attains greater
accuracy in contrast to conventional methods.

The suggested approach can use transfer
learning with pre-trained models such as
ResNet, VGG, or EfficientNet to improve
performance even more. These architectures
can be optimized for medical image
classification tasks after being trained on
huge picture datasets. When medical datasets
are few, transfer learning increases
classification accuracy and cuts down on
training time. During training, sophisticated
optimization algorithms are used to enhance
convergence. Overfitting can be avoided with
the aid of regularization procedures. To
concentrate on areas unique to a condition,
the system may also incorporate attention
mechanisms.  The  higher  diagnostic
reliability is a result of these improvements.

All things considered, the suggested
technique offers a quick, automated, and
extremely precise way to diagnose illnesses.
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It helps medical practitioners by providing
decision support and real-time forecasts..

b) System Architecture:

System Architecture

= i B - el

Interface Image Upload Preprocessing Deej ning Model Result Display
CNN)

Fig 1 Proposed Architecture

Multiple interconnected components make
up the Multi-Class Medical Image Analysis
system architecture, which performs disease
categorization. Using the user interface, the
user first uploads a medical image. After that,
the image is sent to the preprocessing module
for improvement, normalization, and scaling.
Following preprocessing, the image is sent to
a deep learning model for feature extraction
and classification, usually a Convolutional
Neural Network (CNN). After processing the
image, the trained model produces likelihood
ratings for every disease category. Lastly, the
user is presented with the prediction results
via the interface. The architecture maintains
accuracy and efficiency while guaranteeing a
seamless data flow from input to output..

¢) MODULES:
1. Data Preprocessing Module

This module prepares the medical
image dataset for training and testing. It
includes resizing images to a uniform size,
normalizing pixel values, and removing

noise. Data augmentation techniques such as
rotation, flipping, zooming, and shifting are
applied to increase dataset diversity. These
techniques help prevent overfitting and
improve model generalization. Image
enhancement may also be performed to
improve clarity. Proper preprocessing
ensures consistent input to the deep learning
model. This module plays a crucial role in
improving  overall system  accuracy.
Additionally, it helps in handling missing or
corrupted 1image data. Standardization
techniques ensure that all images follow the
same format and resolution. Proper
preprocessing directly impacts the reliability
and stability of the final model.

2 Feature Extraction Module

The feature extraction module uses
deep learning techniques, mainly
Convolutional Neural Networks (CNNs), to
automatically extract important features from
medical images. Unlike traditional systems,
manual feature engineering is not required.
The CNN identifies patterns such as edges,
textures, shapes, and disease-specific
regions. Initial layers detect low-level
features, while deeper layers capture complex
medical patterns. This automatic learning
improves classification accuracy. It enhances
the system’s ability to handle complex and
large datasets. This module. It reduces
dependency on domain experts for
handcrafted  feature  selection.  The
hierarchical learning structure enables better
detection of subtle abnormalities. As a result,
the system becomes more adaptive and
efficient for multi-class disease analysis.
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3 Classification and Prediction Module

This module classifies medical images
into multiple disease categories. The
extracted features are passed through fully
connected layers for final classification. A
Softmax activation function is used for multi-
class prediction. The system outputs
probability scores for each disease class and
selects the highest probability as the final
prediction. Performance metrics such as
accuracy, precision, recall, and Fl-score are
used for evaluation. The module provides fast
and reliable diagnostic results. It supports
doctors in real-time decision-making and
improves healthcare efficiency. This module
classifies medical images into multiple
disease categories using the trained deep
learning model and generates probability
scores for each class. It selects the highest
probability as the final prediction and
provides accurate, fast, and automated
diagnostic results.

d) ALGORITHMS

The proposed system uses a Convolutional
Neural Network (CNN) as the primary
algorithm for multi-class medical image
classification. CNN is a deep learning
algorithm specifically designed for image
analysis that automatically extracts important
features such as edges, textures, and disease-
specific patterns directly from medical
images without manual feature engineering.
The model consists of convolutional layers
for feature extraction, pooling layers for
dimensionality ~ reduction, and  fully
connected layers for classification, with a

Softmax function used to produce multi-class
probability outputs. To further enhance
performance, the system may incorporate
transfer learning using pretrained models
such as ResNet, VGG, or EfficientNet, which
improves accuracy and reduces training time,
especially when limited medical data is
available. The model is optimized using the
Adam optimizer and trained with categorical
cross-entropy  loss, ensuring efficient
convergence and reliable disease prediction.

4. EXPERIMENTAL RESULTS

Accuracy: The capacity of a test to
accurately distinguish between healthy and
sick cases is a measure of its accuracy. We
can determine a test's accuracy by calculating
the proportion of reviewed cases with true
positives and true negatives. In mathematical
terms, this looks like:

Accuracy = TP + TN TP + TN + FP + FN.

(TN + TP)

Accuracy = T

F1-Score: One way to evaluate a model's
performance in machine learning is via its F1
score. It takes a model's recall and precision
and mixes them. Using the whole dataset, the
accuracy metric determines the frequency
with which a model produced accurate
predictions.

(Recall - Pre cision)

Fl1=2-
(Recall + Pre cision)
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Precision: The proportion of occurrences or
samples that are correctly classified out of all
the ones that are classified as positive is
known as precision. Consequently, the
following is the formula for determining the
accuracy:

Precision = True positives/ (True positives +
False positives) = TP/(TP + FP)

TP

Pre cision = m

Recall: The capacity of a model to detect all
significant instances of a given class is
measured by recall, a metric in machine
learning. It sheds light on how well a model
captures instances of a certain class and is
calculated as the ratio of the total number of
positive observations predicted to the number
of actual positive observations.

TP

Recall = m

@ o

"'+ Multi-Class Medical Image
Analysis for Disease Diagnosis

Fig 2: Output-1
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Fig 3 Output-2

Fig 4: Output-

S. CONCLUSION

Convolutional Neural Networks (CNNs), a
type of deep learning approach, are
effectively used in the Multi-Class Medical
Image Analysis for illness Diagnosis project
to automatically classify chest X-ray pictures
into numerous illness categories, including

This article can be downloaded from https://ijerst.org/index.php/ijerst 750



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026

%@T’ International Journal of Engineering Research and Science & Technology

normal, TB, and pneumonia. Transparency in
decision-making is ensured by the system's
integration of a user-friendly interface with
Streamlit, reliable picture preprocessing,
precise model prediction, and explainable Al
using Grad-CAM heatmaps. The system has
demonstrated its dependability, interactivity,
and ability to generate precise diagnostic
predictions through extensive testing, which
includes unit, integration, and acceptance
tests. This project demonstrates how Al-
powered medical imaging technologies can
help medical personnel diagnose diseases
early and provide better patient care.

The execution of this project serves as an
example of how deep learning and artificial
intelligence can be successfully used in the
medical imaging area to aid in the detection
of diseases. The method reduces manual
labor and the chance of human mistake by
effectively identifying and classifying
diseases from chest X-ray pictures by
utilizing a multi-class CNN model. By
enabling users and medical experts to
comprehend which areas of the image
affected the prediction, Grad-CAM visuals
provide an explainable AI component that
boosts system trust.

Additionally, the project prioritizes testing,
modular design, and real-time interaction via
Streamlit, resulting in a scalable and intuitive
application. The end-to-end functionality that
may be expanded to other medical imaging
datasets in the future is ensured by the
combination of preprocessing, prediction,
visualization, and reporting modules.
Overall, this effort demonstrates the

enormous potential of Al-driven diagnostic
tools to help early disease identification,
increase healthcare efficiency, and improve
medical  decision-making.The  research
effectively combines interactive
visualization, image processing, and machine
learning to produce a complete solution for
multi-class medical picture analysis. By
providing interpretable outcomes through
Grad-CAM heatmaps in addition to precise
predictions, it improves the dependability and
transparency of Al-assisted diagnostics.
Because Streamlit is used for the user
interface, accessibility and usability are
guaranteed, making the system useful for

both medical.
6. FUTURE SCOPE

Beyond TB, pneumonia, and common
instances, the system can be improved to
support the detection of a greater variety of
diseases. The system's diagnostic capabilities
can be further enhanced by adding new
disorders including COVID-19, lung cancer,
and other abnormalities connected to the
chest. This would make the system more
beneficial for healthcare professionals in a
variety of contexts.

Another significant improvement is the use of
bigger and more varied datasets for training
the model. The accuracy and generalization
of the model will be enhanced by including
photos from various age groups, genders, and
imaging devices. This will lower the
possibility of misclassification and guarantee
consistent performance across a range of
patient populations.
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The system can become more useful and
accessible through real-time analysis and
distribution on web or mobile platforms.
Direct picture capture from mobile cameras
or hospital imaging equipment allows
physicians and patients to get immediate
diagnostic feedback, which speeds up
decision-making and allows for prompt
treatment.

Lastly, key future directions include
incorporating cutting-edge explainable Al
techniques, enhancing security and privacy,
and integrating the system with hospital
electronic medical record (EMR) systems.
Deeper insights into model predictions can be
obtained using methods like LIME or SHAP,
and patient data security is guaranteed by
strong encryption and authentication
procedures. By connecting the system to
EMRs, diagnosis  results may be
automatically stored, retrieved, and shared,
enabling it to be a fully functional tool in
contemporary healthcare processes.

The system's utility in medical practice
can be increased in the future by extending its
diagnostic skills to identify more illnesses,
such as COVID-19, lung cancer, and other
ailments relating to the chest. Model
accuracy and generalization across various
patient demographics and imaging devices
will be improved by including larger and
more varied datasets. Additionally, the
system can be enhanced for real-time
analysis, enabling immediate predictions
straight from 1imaging equipment or

smartphone apps, increasing accessibility for
both patients and physicians. Furthermore,
the program will become more transparent,
dependable, and smoothly integrated into
healthcare processes by using cutting-edge
explainable Al algorithms, enhancing data
security and privacy, and connecting the
system with hospital electronic medical
records..

REFERENCES

1. A. Krizhevsky, I. Sutskever, and G. E.
Hinton, “ImageNet Classification with Deep
Convolutional Neural Networks,” Advances
in Neural Information Processing Systems,
2012.

2. K. Simonyan and A. Zisserman,
“Very Deep Convolutional Networks for
Large-Scale Image Recognition,” arXiv
preprint arXiv:1409.1556, 2014.

3. M. Tan and Q. Le, “EfficientNet:
Rethinking Model Scaling for Convolutional
Neural Networks,” ICML, 2019.

4. R. R. Selvaraju et al., “Grad-CAM:
Visual Explanations from Deep Networks via
Gradient-Based Localization,” International
Journal of Computer Vision, vol. 128, pp.
336-359, 2020.

5. J. Chung, Deep Learning for Medical
Image Analysis, Springer, 2021.

6. P. Rajpurkar et al., “CheXNet:
Radiologist-Level Pneumonia Detection on
Chest X-Rays with Deep Learning,” arXiv
preprint arXiv:1711.05225, 2017.

7. F. Chollet, Deep Learning with
Python, 2nd Edition, Manning Publications,
2021.

This article can be downloaded from https://ijerst.org/index.php/ijerst 752



https://ijerst.org/index.php/ijerst

eRST

) . N . .
Int. J. Engg. Res. & Sci. & Tech. 2026 ‘/@"‘ International Journal of Engineering Research and Science & Technology

8. S. Litjens et al., “A Survey on Deep
Learning in Medical Image Analysis,”
Medical Image Analysis, vol. 42, pp. 60—88,
2017.

9. O. Ronneberger, P. Fischer, and T.
Brox, “U-Net: Convolutional Networks for
Biomedical Image Segmentation,” Medical
Image Computing and Computer-Assisted
Intervention (MICCALI), 2015.

10.  H. Wang et al, “ChestX-ray8:
Hospital-Scale Chest X-ray Database and
Benchmarks on Weakly-Supervised
Classification and Localization of Common
Thorax Diseases,” CVPR, 2017.

11. G. Litjens, T. Kooi, B. E. Bejnordi, et
al., “Deep Learning in Medical Imaging:
Overview and Future Promise,” IEEE
Transactions on Medical Imaging, vol. 35,
no. 5, pp. 1153-1159, 2016..

This article can be downloaded from https://ijerst.org/index.php/ijerst 753



https://ijerst.org/index.php/ijerst

