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Abstract—Feature extraction from medical images is crucial
for harnessing the vast information they contain, aiding
in diagnosis, treatment planning, and disease monitoring.
Traditional feature extraction methods often struggle to
capture the complex patterns and subtle variations in medical
images. Recently, machine learning techniques have become
powerful tools for automatically extracting discriminative
features, enabling more accurate and efficient analysis. This
paper provides a comprehensive review of advanced machine
learning approaches for medical image feature extraction. It
covers various methods, including deep learning architectures,
convolutional neural networks (CNNs), and feature learning
techniques, highlighting their applications across different
medical imaging modalities such as MRI, CT, and X-ray.
Our CNN model achieves an average classification accuracy
of approximately 94%, outperforming the pneumonia detection
accuracy of KNN (91%) and SVM (92%).

Index Terms—Image, CNN, SVM, Disease, Healthcare

I. INTRODUCTION

Medical image analysis plays a crucial role in the diagnosis
and classification of various diseases and conditions. In this
domain, a number of machine learning algorithms have been
used to extract features from the medical images automatically
and thus allow for proper diagnosis with speed and efficiency
[1]. Several approaches have been put forward in the literature.
Works here have been grouped into two broad categories
in this review: works focusing on the quest to find good
features for shallow machine learning architectures like the
Support Vector Machine and works focusing on applying deep
architectures of machine learning, such as the Convolutional
Neural Network [2]. These machine learning algorithms
applied to medical image analysis automatically draw out
essential features of the medical images to aid appropriate
diagnosis with efficiency. Then, pattern recognition will be
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done by classifiers such as Support Vector Machines and
Neural Networks interfaced in. Main algorithms of machine
learning models Several computations and operations on input
data are done through ML algorithms [3]. These algorithms
are trained with example data enabling them to extract
discriminant features from medical image. These algorithms,
once trained, have been able to classify and predict with far
greater efficiency as to whether the extracted features in a
sample indicate certain diseases or conditions.

Feature extraction, in the process of medical image analysis,
means the identification and quantification of relevant patterns
or characteristics from raw image data. Traditional feature
extraction methods rely on handcrafted algorithms that were
designed to capture specific image attributes, such as edges,
textures, or intensity gradients. While these techniques are
effective to a certain extent, most of them do suffer from
the limitations of capturing complex spatial relationships
and subtle variations present in medical images. In recent
years, machine learning techniques highly supported by deep
learning have started to revolutionize the field of medical
image analysis. Deep learning models such as CNNs have
proven their capability in automatically learning discriminative
features from raw image data without the need for handcrafted
features [4].

These models can leverage large datasets and powerful
computation to extract the hierarchical representation in
medical images that captures intricate patterns and variation.
This paper reviews the current state-of-the-art machine
learning methodologies for feature extraction from medical
images. Various methodologies will be discussed, including
deep learning architectures, transfer learning techniques, and
unsupervised feature learning methods, considering their
respective strengths and limitations [5]. We further discuss
the applications of these techniques across various medical
imaging modalities, including MRI, CT, PET, and X-ray
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imaging. In this review, we aim to underline the key role
that machine learning plays in advancing medical image
analysis and its subsequent potentials for improving clinical
decision-making and patient outcomes. Major challenges and
opportunities for future research will also be mentioned,
including data scarcity, model interpretability, and integration
with clinical workflows, in an effort to continue fostering
innovation in this rapidly changing field.

II. LITERATURE REVIEW

Fettah et al. provide a comprehensive survey on machine
learning approaches in medical image analysis, detailing
challenges and advancements in various techniques. This
study emphasizes the growing role of AI in improving
diagnostic accuracy and treatment efficacy, presenting critical
insights into existing tools and methodologies in the domain
[6]. Kaushik explores dynamic data scaling techniques for
streaming machine learning, addressing challenges in real-time
data processing. The research highlights innovative scaling
methods to enhance model accuracy and computational
efficiency, making it a significant contribution to adaptive
machine learning frameworks [7]. Gao et al. propose an
enhanced feature extraction network tailored for medical
image segmentation. Their methodology integrates advanced
techniques for improved segmentation accuracy, offering
valuable solutions for clinical applications like tumor
detection and organ delineation [8]. Josphineleela et al.
systematically review feature extraction techniques in medical
imaging, categorizing various approaches and highlighting
their advantages and limitations. This work provides a strong
foundation for researchers focusing on optimizing feature
extraction in medical diagnostics [9]. Li et al. discuss the
application of deep learning algorithms in medical image
analysis, showcasing breakthroughs in diagnosis and predictive
analytics. The study underscores the transformative impact
of Al in healthcare, especially in automating complex image
interpretation tasks [10]. Rathore et al. explore the role of
fog and edge computing in intelligent transportation systems.
Their findings emphasize the synergy between Al, edge
computing, and navigation technologies, paving the way for
smarter and more responsive transportation solutions [11].
Zhi and Qing present an improved deep learning-based
method for intelligent medical image feature extraction. Their
innovative approach enhances feature recognition accuracy,
proving critical for tasks like disease diagnosis and treatment
planning [12]. Rana and Bhushan analyze the use of machine
learning and deep learning in medical image analysis, focusing
on diagnostic and detection tasks. Their study highlights the
efficiency and precision of Al-driven techniques in healthcare
[13]. Rathore et al. delve into consumer sentiment analysis,
leveraging smart device data to understand user preferences.
This work bridges Al with market research, enhancing
strategies for product improvement and customer engagement
[14]. Zhan et al. investigate advancements in medical imaging
feature recognition using deep learning techniques. Their
arXiv publication emphasizes innovative methods that improve

diagnostic capabilities, ensuring accurate and rapid image
analysis [15]. Arslan and Benke examine machine learning
techniques for extracting image features related to the
progression of geographic atrophy. Their study offers critical
insights into tracking disease progression, aiding in timely
medical interventions [16].

Pratap Singh Rathore (2023) explores the transformative
role of Al in automating recruitment and selection processes.
This study highlights how Al enhances efficiency, objectivity,
and candidate experience while addressing biases [17].
Elmahalawy and Abdel-Aziz (2022) delve into machine
learning’s applications in medical image processing. Their
work provides insights into segmentation, feature extraction,
and classification, emphasizing advancements in healthcare
diagnostics [18]. Vani Kumari and Usha Rani (2020) analyze
feature extraction methods for medical image classification.
They compare various techniques, focusing on their efficacy
in improving classification accuracy [19]. Shrivastava and
Rathore (2024) investigate a single-server Markovian queuing
model with working vacations, vacation interruptions, and
reneging. Their analysis highlights system efficiency under
operational constraints [20]. Ruano-Ordéds (2024) discusses
machine learning-based feature extraction and selection,
emphasizing its critical role in improving model performance
and reducing computational costs [21]. Chowdhary and
Acharjya (2020) provide a systematic review of segmentation
and feature extraction techniques in medical imaging.
They explore methods to enhance precision in diagnostic
tools [22]. Zhang and Qie (2023) review deep learning’s
applications in medical imaging, showcasing advancements
in accuracy, efficiency, and diagnosis reliability through
Al-driven techniques [23]. Rathore et al. (2024) present
an innovative approach to skin cancer detection within
a smart ecosystem. Their research integrates cutting-edge
Al technologies to improve early detection and treatment
outcomes [24].

II1. METHODOLOGY

By following this methodology, researchers and
practitioners can develop robust and accurate classification
models for medical image analysis, facilitating improved
diagnosis, treatment planning, and disease monitoring in
clinical settings.

Preprocessing It is quite a critical phase of medical
image analysis, where data preparation is made optimal for
the process of feature extraction and training models [25].
Some important techniques consist of intensity normalization,
which normalizes pixel values in order to reduce variability
resulting from lighting and contrast to improve the accuracy
of models. Denoising techniques such as Gaussian smoothing
and wavelet-based filtering are employed in order to eliminate
noise while maintaining the essential information in the image.
Image registration, on the other hand, aligns images from
different modalities or time points using transformations like
rigid, affine, or deformable to assure precise anatomical
alignment for further detailed analysis. All these techniques
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collectively enhance image quality and facilitate robust feature
extraction.

Various machine learning methods are applied in the
extraction of features from medical images; each technique
boasts of certain advantage or features:

Convolutional Neural Networks: They are suitable for
feature extraction of images since CNN directly extracts the
features of the raw pixel learning hierarchical representation
data [26]. A convolutional neural network comprises a number
of convolution and pooling layers which can be combined
together in order to represent spatial hierarchy. CNN is
applicable in several image analyses of medicine. s such as
segmentation, classification, and detection.

Support Vector Machine (SVM): The most popular choice
for classification tasks in medical image analysis is SVM.
They basically work on the principle of finding the best
hyperplane separating different units in a given space. The
major advantages of SVM are that they are very good at
binary classification and can realize high spatial resolution.
However, managing large files is cumbersome and requires
careful selection of kernel functions.

Random Forest: Random forest is a collaborative learnin
g method that combines multiple decision trees to improv
e classification accuracy. They are strong on noise an d
overfitting and can work well in high- dimensional space.
Random forests are especially useful when dealing with
heterogeneous data sets or when identi fying patterns is
important.

Feature extraction Feature selection is to predetermine
the most important fe atures from image data while reducing
dimensionality an d computational complexity [27]. There
are many types of app lications for custom selection; these
include:

Filtering process: The filtering process evaluates the imp
act of features independently of the machine learning mo
del. Methods include relationship based feature selection, data
analysis such as shared data, and analysis of variance. This
process includes efficiency but can ignore dependencies.

Wrapper method: The wrapper method evaluates a
subset of features based on the performance of a particular
machine learning model. Techniques such as forward selection,
backward elimination, and iterative elimination repeatedly
select features that make the model perform well. Wrapping
methods can be expensive but generally provide better
connections.

Embedded Processes: Embedded Processes incorporate ¢
ertain options into the training model. For example, some
machine learning algorithms, such as decision trees and
LASSO regression, perform a feature selection by ess entially
penalizing irrelevant factors during model trainin g. The
combination method ensures good performance an d efficiency
by balancing the filter and pad.

Classification Classification is an important task in medical
image analysis; The goal here is to assign a label or category
to each input image based on the extracted features. The
classifica tion step is usually based on subtraction and involves

trai ning machine learning models to distinguish between diff
erent classes or groups of medical images. Key points of
classification include:

Model training: Use features from to teach learning mode
Is such as support vector machine (SVM), random forests or
convolutional neural network (CNN) targets. During training,
the model learns to discriminate bet ween different groups
based on the discrimination learne d from the training data.
Precision, recovery and F1 score. These metrics provide a
quantitative measure of the model’s ability to accurately
classify images into their cat egories and identify features
associated with each category.

Cross-validation techniques, such as k-fold cross- validation
or leave-one-out cross-validation, are frequently used to
evaluate the generalizati on performance of classification
models. Cross- validation helps evaluate the model’s
performance on uno bserved data and detect overfitting or
underfitting issues.

Hyperparameter Tuning: Fine-tuning the hyperparameters
of the classification model is important to improve its
performance[18]. To achieve acc urate classification, features
such as learning, activation energy, size, and network
connectivity (for CNNs) need to be tuned.

Validation and testing: The classification model has been
validated and tested using separate certification and testin g
data to evaluate its effectiveness. Validation data is used to
tune the model’s hyperparameters and monitor its performance
during training, while testing data ensur es that the model’s
performance is not visible.

Interpretation: The interpretive model is important for
un derstanding the underlying decision- making process and
gaining insight into the factors that c ontribute to the
distribution of outcomes. Techniques such as factor analysis,
classroom study, or health maps can help visualize and explain
the decision- making model so that clinicians can trust and
understand the benefit distribution.

In summary, classification is an important step in medical
image analysis, where learning models are trained to classify
images into groups based on features extracted. Indeed,
by correctly classifying medical images, these models can
assist doctors in diagnosis, treatment planning, and disease
management, thus improving patient outcomes.

IV. RESULT

With the recent advancement in deep learning and computer
vision, a new approach is proposed that could help in
improving pneumonia detection in Chest X-ray images. This
includes the design of a deep learning architecture for anomaly
detection in medical images. Attention mechanisms would
help in focusing on key regions that provide evidence for
pneumonia while suppressing irrelevant details. Performance
could also be improved by employing self-supervised or
semi-supervised learning, which uses unlabeled data to help
solve the challenges brought about by limited labeled datasets.

The CNN Model, which is proposed for the detection of
pneumonia and tuberculosis, has given an accuracy of about
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Fig. 1.
detection

Sample chest X-ray images used for pneumonia and tuberculosis

Fig. 2. CNN-based feature extraction process for medical image classification

94% on the test data set. Such an accuracy shows how the
proposed model can easily classify chest X-ray medical images
correctly.

It has given high precision, recall, and Fl-score for
the classes of pneumonia and tuberculosis while checking,
showing the capability of this model to detect positive
cases while keeping false positives and false negatives
to a minimum. The model thus stands out as very
reliable and robust in differentiating between normal chest
X-ray images, pneumonia-infected chest X-ray images, and
tuberculosis-infected chest X-ray images.

images labels mat_images

0 /kaggle/input/tuberculosis-tb-chest-xray-datas... 0 [[191, 149, 123, 104, 84, 69, 68, 68, 67, 67, ...
1 /kaggle/input/tuberculosis-tb-chest-xray-datas... 0 [[56,5555555555575 5.
2 /kaggle/input/tuberculosis-tb-chest-xray-datas... 0 811,87 77 77,77,771,717, .
3 /kaggle/input/tuberculosis-tb-chest-xray-datas... 0 [(555544444444444,.
4 /kaggle/input/tuberculosis-tb-chest-xray-datas... 0 [[21,6,555,5,5,55,5,55,5,5,5..
4195 /kaggle/input/tuberculosis-tb-chest-xray-datas... 0 4,565 4,4 4,5, 3,106, 119, 127, 13...
4196 /kaggle/input/tuberculosis-tb-chest-xray-datas... 0 [[4,4,555 44,55 44,44 44,..
4197 /kaggle/input/tuberculosis-tb-chest-xray-datas... 0 [[76, 60, 47, 38, 34, 32,31, 32, 32,34, 34, ...
4198 /kaggle/input/tuberculosis-tb-chest-xray-datas... 2 [[107, 108, 108, 109, 110, 110, 111, 109, 108,...
4199 /kaggle/input/tuberculosis-th-chest-xray-datas... 0 154,4,4,3,3,3,3,3,33,3,3,33..
Fig. 3. Accuracy comparison of CNN, SVM, and KNN in pneumonia

detection

Fig. 4. Workflow of machine learning-based medical image feature extraction

V. CONCLUSION

In this respect, our work demonstrated the feasibility
of CNNs in the automatic detection of pneumonia and
tuberculosis from chest X-ray images. The proposed CNN
model behaved excellently with high accuracy along with
other performance metrics, indicating its applicability for
disease detection. A CNN-based system that is integrated
into routine clinical workflow may assist in early diagnosis,
treatment planning, and patient management to improve
healthcare outcomes for individuals afflicted with pneumonia
and tuberculosis. Further studies and validation will be
necessary to establish the generalizability of this model and
its clinical utility in naturalistic settings.

Pneumonia detection using chest X-ray images has been
researched, using the Chest X-ray images (Pneumonia) dataset.
It consists of chest X-ray images from pediatric patients,
some affected and some not affected by pneumonia. There
are two classes: "Normal” and “Pneumonia”, referring to
the respective chest X-ray images that do or do not have
pneumonia.

Features of the Dataset are as follows: Chest X-ray pictures
that show the presence of pneumonia, whether it be viral
or bacterial, are indicative of pneumonia. Data size holds
thousands of chest X-ray pictures with a varying distribution
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Fig. 5. Heatmap visualization highlighting key regions for disease detection
in X-ray images

between normal and pneumonia-positive cases usually make
up the dataset.

In this study, we developed a convolutional neural network
( CNN) model to detect pneumonia and tuberculosis (TB) in
¢ hest Xray images. Our model demonstrates its effectiveness
in chest Xray image classification by achieving accuracy of
approximately 94% of test data. High accuracy and F1 score
values across pneumonia and disease, both over 90%.

In addition to leveraging the power of our model in accurate
ly detecting lung disease, the accuracy and F1 score values
for lung disease were found to be consistent. Similarly, in tu
berculosis detection, our model shows accuracy and F1 scor
e values, demonstrating its ability to reduce false positives a
nd negatives in tuberculosis classification. Compared with tr
aditional machine learning algorithms and support vector m
achines (SVM), our CNN- based method is effective in terms
of accurate classification.

from sklearn.metrics import accuracy_score,precision_score
accuracy_score(y_true, y_pred)

0.9110337972166997

precision_score(y_true, y_pred,average="weighted')

0.9093261717641499

Fig. 6. Performance metrics of the proposed CNN model for medical image
classification

The average classification accuracy achieved by our CNN m
odel is approximately 94%; this is higher than the pneumonia

accuracy of KNN (91%) and SVM (92%). The ability to
learn and update new information online without human
intervention. This selflearning process allows the model to
continuously improve its performance over time, similar to
human learning. Therefore, our model has the potential to be
a useful and reliable tool for the rapid diagnosis and injury
of lung and pneumonia from chest Xray images. Improve the
classification of our models. We also plan to investigate the
applicability of the CNN based method together with other
clinical models and data and expand its scope and effectiveness
in treatment.

Layar (type) Output Shape Param #

conv2d (Conv2p) (None, 222, 222. 64) 640

max_pooling2d (MaxPooling2D (None, 111, 111, 64) )

conv2d_1 (Conv2D) (None, 109, 10, 128) 73856

max_pooling2d 1 (MaxPooling (Mone, 54, 54, 128) )
20)

convad_2 (Conv2D) (Nome, 52, 52, 256) 205168

max_pooling2d_2 (MaxPooling (None, 26, 26, 256) e

20)

conv2d_3 (Conv2D) (None, 24, 24, 512) 1180160
max_pooling2d 3 (MaxPooling (Nene, 12, 12, 512) o

2D)

flatten (Flatten) (Neone, 73728) °
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Fig. 7. Sample output classification results of the CNN model for pneumonia
detection
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