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Abstract— Biomedical image processing is an necessary 

component of modern healthcare systems.  Images of medical 
acquireed from various imaging modalities provide important 
diagnostic information, but these images often face issues from 
noise, artifacts, and low contrast. Image processing techniques 
help improve image quality and enable automated disease 
detection and clinical analysis. This review paper outlines the 
fundamental stages in biomedical image processing such as 
feature extraction, segmentation, preprocessing feature 
classification and image acquisation. It looks at both modern 
deep learning methods and conventional processing of images. A 
comparative discussion of different segmentation approaches and 
commonly used evaluation metrics is also presented. The paper 
further highlights current challenges and emerging research 
directions in biomedical imaging systems. 
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I. INTRODUCTION 
Medical imaging methods have significantly transformed 

the healthcare industry by enabling physicians to observe 
internal anatomical structures without invasive procedures. 
Magnetic Resonance Imaging, X-ray imaging, ultrasound, 
Computed Tomography, and Positron Emission Tomography 
generate detailed visual representations of organs and tissues. 
These images play a important role in disease diagnosis, proper 
monitoring, progress of the treatment, and guiding surgical 
procedures. 

Medical images have often affected by noise, low contrast, 
and imaging artifacts caused by acquisition systems and 
environmental conditions. These limitations may reduce 
diagnostic accuracy if images are interpreted directly. 
Biomedical image processing addresses these challenges by 
applying computational algorithms that increases quality of the 
images and extract useful information. 

The ability to assess biomedical images has been 
considerably enhanced by the AI applications and machine 
learning. Automated systems can now spot issues, group 
diseases, and help doctors to make better decisions. As a result 
biomedical image processing has emerged as a topic that unites 
computer science, medicine  and engineering. 

Another imperative objective of biomedical picture 
preparing is to decrease the confinements related with crude 
restorative pictures. Therapeutic pictures may contain 
commotion, moo differentiate, movement artifacts, or imaging 
twists depending on the securing strategy and imaging 

environment. These issues can make it difficult for clinicians to 
detect abnormalities accurately. Image processing algorithms 
such as filtering, contrast enhancement, and normalization are 
therefore applied to improve image clarity and highlight 
important anatomical structures. 

With the fast development of computing technologies, 
analysis of automated image systems are so popular in medical 
research and healthcare applications. These systems assist 
medical professionals by performing tasks such as tumor 
detection, organ segmentation, disease classification, and 
treatment monitoring. Automated diagnostic tools not only 
improve the efficiency of healthcare systems but also reduce 
the possibility of human error during manual image 
interpretation. 

In later a long time, manufactured insights and machine 
learning methods have essentially changed biomedical picture 
preparing. Profound learning models, mainly Convolutional 
Neural Systems (CNNs), have illustrated remarkable execution 
in therapeutic picture classification and division assignments. 
These models are able of naturally learning complex designs 
and highlights from expansive restorative datasets, 
empowering more exact discovery of maladies such as cancer, 
neurological clutters, and cardiovascular variations from the 
norm. 

Biomedical image preparing has hence risen as an intrigue 
inquire about region that combines standards from flag 
handling, computer vision, counterfeit insights, and restorative 
science. Persistent headways in computational control and 
information accessibility are empowering the improvement of 
shrewdly restorative imaging frameworks able of giving more 
exact and effective symptomatic bolster. With continuous 
investigate in this space, biomedical picture handling is 
anticipated to assist upgrade the capabilities of advanced 
healthcare frameworks and contribute to progressed 
understanding results. Biomedical image processing is 
therefore becoming an essential tool for improving the 
efficiency and reliability of modern medical diagnosis. By 
uniting advanced computation techniques with medical 
imaging technologies, researchers can develop intelligent 
systems that assist clinicians in detecting diseases more 
accurately. Continuity of research in this area will contribute to 
the development of more advanced healthcare solutions. 

II. LITERATURE SURVEY 
Biomedical imaging is extensively researched for 

improving diagnostic accuracy and enabling automated 
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analysis of medical images. Over the few decades back, several 
approaches have been proposed for increasing quality of 
image, segmentation of image, extraction of feature, and 
disease classification. The literature shows a gradual 
transformation from traditional methods to modern artificial 
intelligence–based techniques. 

Early research in biomedical image processing focused on 
classical processing techniques such as filtering, edge 
detection, histogram equalization, and morphological 
operations. These methodologies were mainly used to increase 
the visuality of medical images and detect boundaries of 
anatomical structures. Traditional segmentation approaches 
including thresholding, region growing, and clustering methods 
such as K-means were widely applied to identify organs and 
abnormal regions in medical images. Although these 
techniques were simple and computationally efficient, they 
often struggled with complex medical datasets due to noise, 
low contrast, and variability in image characteristics. 

With the progression of computer vision and machine 
learning, analysts started applying factual learning procedures 
for therapeutic picture investigation. Machine learning 
calculations such as Back Vector Machines (SVM), choice 
trees, and fake neural systems were used for classification 
assignments such as tumor discovery and tissue classification. 
These strategies depend intensely on highlight extraction 
methods, where significant characteristics such as surface, 
shape, and escalated are extricated from therapeutic pictures 
some time recently classification. Whereas these approaches 
moved forward demonstrative precision compared to 
conventional rule-based frameworks, their execution 
unequivocally depended on the quality of physically designed 
highlights. 

In later a long time, techniques of deep learning have 
significantly transformed biomedical image processing. Deep 
learning models are fit for automatic learning hierarchical 
features from large datasets, eliminating the need for manual 
feature engineering. Among these methods, Convolutional 
Neural Networks (CNNs) are most commonly used 
architectures for analysis of images. CNN-based models have 
demonstrated high performance in tasks such as medical image 
classification, segmentation, detection, and registration. Studies 
have Proved that CNN models can effectively analyze complex 
medical datasets and improve the accuracy of computer-aided 
diagnosis systems. 

One of the foremost persuasive structures in biomedical 
picture division is the U-Net demonstrate. The U-Net design is 
dedicatedly outlined for therapeutic picture division errands 
and has appeared amazing execution in recognizing little 
anatomical structures and injuries The encoder–decoder 
structure of U-Net allows the model to capture both global 
context and detailed spatial information, which is necessary for 
accurate segmentation of medical images. As a result, U-Net 
and its variants have become the standard approach for 
application of biomedical imaging, including tumor detection 
and organ segmentation. 

Researchers have been introduced several improved 
versions of the U-Net architecture to enhance segmentation 
accuracy. For example, UNet++ introduces redesigned skip 

connections that allow better integration of multi-scale 
features, thereby improving segmentation performance in 
complex medical datasets. 

Another important direction in biomedical image 
processing research involves multimodal medical image 
analysis. Multimodal approaches combine information from 
different imaging modalities such as PET, MRI, and CT scans 
to provide more comprehensive diagnostic information. Recent 
studies have proposed enhanced neural network architectures 
for multimodal image segmentation, enabling improved 
detection of anatomical structures and pathological regions 
across diverse datasets. Experimental results demonstrate that 
modified convolutional neural network frameworks can 
significantly improve segmentation accuracy in complex 
medical imaging scenarios. 

In addition to CNN-based architectures, researchers have 
recently explored transformer-based models for analysis of 
images. Transformers were mainly invented for natural 
language processing but have successfully implemented for 
computer vision applications. Hybrid architectures that 
combine convolutional neural networks with transformer 
modules are capable of capturing both local image features and 
global contextual relationships. These models have 
demonstrated promising results in tasks such as organ 
segmentation and lesion detection in medical imaging datasets. 

Besides, a few later overview basically emphasizes the 
developing significance of profound learning in biomedical 
picture division. Present day inquire about emphasizes the 
utilize of progressed neural arrange designs, huge commented 
on datasets, and effective computational assets to progress 
therapeutic picture examination. These considers moreover 
recognize challenges such as information shortage, lesson 
awkwardness, and show generalization as major investigate 
issues within the field. 

Overall, the literature indicates that biomedical image 
processing has emerged significantly from traditional image 
enhancement methods to advanced deep learning-based 
frameworks. While classical approaches remain useful for 
basic preprocessing tasks, modern research increasingly 
focuses on artificial intelligence techniques that enable 
automated and highly accurate analysis of medical images. 
Continued developments in deep learning algorithms and 
computational technologies are expected to further enhance the 
capabilities of biomedical imaging systems in the future. 

III. MEDICAL IMAGING MODALITIES 
Medical imaging systems differ in physical principles, 

resolution, and diagnostic applications. modalities for image 
processing are described below. 

A. Magnetic Resonance Imaging (MRI) 
MRI utilizes stronger magnetic fields and RF signals to 

generate high quality images of soft tissues. It is used for 
examining the brain, spinal cord, and internal organs. 

B. Computed Tomography (CT) 
CT imaging uses X-ray beams to get cross-sectional human 

body images. It provides detailed structural information and is 
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frequently used in detection of tumors, fractures, and internal 
bleeding. 

C. X-ray Imaging 
X-ray is the most seasoned and most common symptomatic 

apparatuses utilized in therapeutic hone. It is especially 
successful for analyzing bones and recognizing lung illnesses. 

D. Ultrasound Imaging 
Ultrasound systems use high-frequency sound waves to 

visualize internal organs. This technique is safe and widely 
used for prenatal imaging and cardiovascular examinations. 

E. Positron Emission Tomography (PET) 
PET imaging gives utilitarian data approximately body 

metabolic forms. It is basically utilized for cancer location and 
neurological considers. 

Each imaging modality produces images with unique 
characteristics, which require advanced processing techniques 
for accurate interpretation. 

IV. FUNDAMENTAL STAGES 

A. Fundamental Stages of Biomedical Image Processing 
Biomedical image analysis typically involves several 

sequential stages that transform raw images into meaningful 
diagnostic information. 

1)  Image Acquisition 
Image acquisition is the first stage in the imaging pipeline. 

In this stage, medical imaging devices capture data from 
sensors and convert it into digital images. The acquired images 
quality rely upon factors such as sensor resolution, imaging 
environment, and hardware limitations. 

2) Image Preprocessing 
Preprocessing techniques are mainly used to improvee 

image quality and remove unwanted noise. Common 
preprocessing operations include: 

• Noise filtering 

• Contrast enhancement 

• Histogram equalization 

• Image normalization 

Filtering stategies such as Gaussian filters, median filters, 
and adaptive filters are widely used to reduce noise while 
preserving important structural information. 

3) Image Segmentation 
Segmentation divides a medical image into meaningful 

regions that represent anatomical structures or abnormal 
tissues. Accurate segmentation is essential for detecting 
tumors, organs, and lesions. 

Common segmentation approaches include: 

• Threshold-based segmentation 

• Edge detection methods 

• Region growing techniques 

• Clustering algorithms 

• Watershed algorithms 

Segmentation accuracy directly influences the reliability of 
subsequent analysis stages. 

4) Feature Extraction 
Feature extraction involves identifying important 

characteristics of segmented regions. These features help 
differentiate normal and abnormal tissues. 

Typical features include: 

• Texture features 

• Shape features 

• Intensity-based features 

• Statistical features 

These extracted features are giving as inputs to machine 
learning algorithms for classification tasks. 

5)  Image Classification 
In the final stage, classification algorithms analyze 

extracted features and categorize images into predefined 
classes such as healthy or diseased tissues. 

Common classification methods include: 

• Support Vector Machines (SVM)  

• Artificial Neural Networks (ANN) 

• Support Vector Machines (SVM  

• Random Forests 

Recently, deep learning models have significantly improved 
classification performance. 

V. DEEP LEARNING IN BIOMEDICAL IMAGING 
Profound learning has revolutionized biomedical picture 

investigation by empowering programmed highlight extraction 
and moved forward expectation exactness. Convolutional 
Neural Systems (CNNs) are broadly utilized for restorative 
picture classification and discovery errands.CNN models 
consist of multiple layers that learn hierarchical representations 
of image data. These networks can automatically identify 
complex patterns associated with diseases. 

Another widely used architecture is U-Net, which is 
specifically designed for biomedical image segmentation. U-
Net utilizes encoder-decoder structures and skip connections to 
preserve spatial information. 

Applications of Machine learning in therapeutic imaging 
incorporate 

• Tumor detection 

• Brain lesion segmentation 

• Organ localization 

• Disease classification 
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Although models of deep learning provide high accuracy, 
they require large datasets and high computational resources 
for training. 

VI. COMPARATIVE ANALYSIS OF SEGMENTATION  

TABLE I.   

Method Advantages Limitations Applications 

Thresholding Simple and 
fast 
implementatio
n 

Sensitive to 
noise X-ray image  

analysis 
 

Edge 
Detection 

Effective 
boundary 
detection 

Noise 
sensitivity 

Tumor boundary 
detection 

Region 
Growing 

Produces 
accurate 
regions 

Computationa
lly intensive 

Organ 
segmentation 

K-Means 
Clustering 

Easy to 
implement 

Genetic 
Algorithm 

Optimization 

K-Means 
Clustering 

Very high 
accuracy 

Requires 
large datasets 

Cancer detection 

VII. OUTCOMES OF RESEARCH 
The outcomes of the research highlight the significant role 

of biomedical image processing in increasing the quality of 
medical image analysis. The study shows that preprocessing 
techniques enhance medical images by reducing noise and 
improving contrast, which allows clearer visualization of 
anatomical structures. Segmentation methods help identify 
important regions such as organs, tissues, and abnormal areas, 
enabling more accurate analysis of medical images. In 
addition, feature extraction and classification support 
automated systems in distinguishing between normal and 
diseased conditions with greater reliability. The research also 
emphasizes the growing importance of ML and deep 
approaches of deep learning, which can analyze complex 
medical datasets and perform tasks such as tumor detection, 
organ segmentation, and disease classification with improved 
accuracy. Overall, these advancements necessary to the 
develop computer-aided diagnosis systems that helps the 
doctors in making faster and more reliable clinical decisions, 
ultimately improving the efficiency of healthcare services and 
supporting early detection of diseases. 

VIII. RESEARCH GAPS AND FUTURE SCOPE 
Despite notable progress in biomedical image processing, 

several research gaps still exist that require further 
investigation. Many existing algorithms depend on large and 
well-annotated datasets, which are frequently troublesome to 
get due to security concerns and the tall fetched of therapeutic 
information labeling. In expansion, varieties in picture quality 
over diverse imaging gadgets and healing centers can decrease 
the generalization capacity of numerous models. Another 
challenge is the high computational complexity of advanced 
deep learning techniques, which may limit their use in real-
time clinical environments. Future research should therefore 
focus on developing more efficient algorithms that require 

smaller datasets while maintaining high accuracy. Exploring 
explainable artificial intelligence methods will also be 
important so that medical professionals can better understand 
and trust automated diagnostic systems. Furthermore, 
integration of biomedical image processing with emerging 
technologies such as cloud computing, Internet of Medical 
Things (IoMT), and real-time medical analytics could lead to 
more advanced and accessible healthcare solutions. 

IX. CONCLUSION 
Biomedical image processing plays a important role in 

modern healthcare by enabling accurate analysis and 
interpretation of medical images obtained from different 
imaging modalities. This study reviewed important techniques 
involved in biomedical image processing, including acquisition 
of images, preprocessing techniques, segmentation of images, 
extraction of features, and classification. These methods help 
improve image quality, identify important anatomical 
structures, and support automated analysis of medical data. The 
integration of ML and deep learning techniques has further 
enhanced the ability of computer systems to detect diseases and 
analyze complex medical images with greater accuracy. 
Although several exceptions such as limited number of 
datasets, computational complexity, and data privacy issues 
still exist, continuous advancements in artificial intelligence 
and imaging technologies are expected to overcome these 
limitations. Overall, biomedical image processing will continue 
to contribute significantly to the development of intelligent 
diagnostic systems and improved healthcare services in the 
future.  
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