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Abstract: Classification and segmentation are pivotal tasks in medical imaging that have witnessed remarkable
advancements through artificial intelligence (Al). This review highlights recent developments in Al-driven
classification and segmentation methodologies, focusing on applications in disease detection, tumor segmentation,
and organ delineation. We provide an overview of state-of-the-art deep learning architectures, including
convolutional neural networks (CNNs), UNet, and Transformers, while discussing challenges such as data scarcity,
generalization, and clinical integration. Finally, we propose future directions, including hybrid frameworks and
explainable Al, to address current limitations and improve clinical adoption.
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I. INTRODUCTION

Medical imaging has been a cornerstone of modern healthcare, providing clinicians with vital insights into the structure and
function of the human body. Imaging modalities such as X-rays, computed tomography (CT), magnetic resonance imaging
(MRI), ultrasound, and positron emission tomography (PET) are widely used to detect, diagnose, and monitor diseases [1-
4]. However, the increasing volume and complexity of imaging data have created a growing demand for automated tools to
assist radiologists and clinicians in interpreting these images more efficiently and accurately. Artificial intelligence (Al) has
emerged as a transformative force in medical imaging, particularly in the domains of classification and segmentation [5-8].
Classification involves identifying the presence or absence of diseases or abnormalities based on imaging data, whereas
segmentation focuses on delineating specific regions of interest (ROIs), such as tumors, organs, or anatomical structures.
Both tasks play a critical role in clinical decision-making, from diagnosing diseases and planning treatments to monitoring
therapeutic outcomes.

Traditional approaches to classification and segmentation relied heavily on handcrafted features and statistical models,
which were limited in their ability to handle the variability and complexity of medical images. Deep learning, a subset of
Al, has revolutionized these tasks by enabling models to learn hierarchical features directly from raw data. Convolutional
Neural Networks (CNNs) have been particularly impactful, achieving state-of-the-art performance in a wide range of
applications, from disease detection in chest X-rays to tumor segmentation in MRI scans [9-11]. More recently,
Transformers and their variants, originally developed for natural language processing, have been adapted for medical
imaging tasks, offering improved performance and scalability. The applications of Al in classification and segmentation
span a wide range of medical conditions and imaging modalities. For instance, Al models have demonstrated exceptional
accuracy in detecting pneumonia, breast cancer, and diabetic retinopathy, as well as in segmenting gliomas, liver lesions,
and retinal blood vessels. These advancements are not only enhancing diagnostic accuracy but also streamlining workflows,
reducing the burden on clinicians, and enabling personalized treatment strategies. Despite these achievements, several
challenges remain. The scarcity of annotated datasets, the variability of imaging protocols across institutions, and the "black-
box" nature of Al models hinder their widespread adoption in clinical practice. Furthermore, issues related to generalization
and robustness often limit the performance of these models on unseen data. Addressing these challenges requires the
development of explainable Al models, the creation of diverse and representative datasets, and the integration of Al into
clinical workflows in a manner that complements human expertise.
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This review aims to provide a comprehensive overview of the advancements in Al-driven classification and segmentation
in medical imaging. We will discuss state-of-the-art techniques, highlight key applications across various imaging
modalities, and examine the challenges and opportunities in this rapidly evolving field. By bridging the gap between
technical innovation and clinical applicability, this review seeks to shed light on the transformative potential of Al in
medical imaging and its role in shaping the future of healthcare.

I1. Al IN MEDICAL IMAGES
Al in Medical Image Classification

Medical image classification is one of the most significant applications of artificial intelligence (Al) in healthcare. It
involves the categorization of medical images into predefined classes, such as detecting the presence or absence of a disease
or distinguishing between different disease stages. Al-driven classification has become an invaluable tool in modern clinical
workflows, enhancing diagnostic accuracy and reducing the workload of medical professionals. This section highlights the
core methodologies, architectures, and applications of Al in medical image classification.

o Abnormality Diagnosis and Classification

One of the most critical applications of Al in medical image classification is the detection and classification of abnormalities.
These tasks involve identifying irregularities in medical images, such as tumors, lesions, nodules, or other pathological
findings, and categorizing them into relevant clinical classes [12-15]. Al has shown remarkable success in addressing a
wide range of abnormalities across different imaging modalities. For example, CNN-based models are widely used for the
detection and classification of pulmonary nodules in chest CT scans. Al systems trained on datasets like LIDC-IDRI have
achieved high accuracy in distinguishing benign from malignant nodules, reducing false positives and enhancing lung
cancer screening programs. Similarly, in mammography, Al-powered tools have been developed to classify breast lesions
into benign or malignant categories. These systems not only detect lesions but also predict the likelihood of malignancy,
facilitating early breast cancer detection and improving patient outcomes. Al also plays a significant role in brain tumor
classification using MRI data [16]. Models trained to identify and grade brain tumors, such as gliomas, into low-grade and
high-grade categories, provide valuable insights for guiding treatment strategies, including surgery and radiotherapy. In
ophthalmology, Al has proven to be a game-changer in detecting and classifying diabetic retinopathy from retinal fundus
images. By categorizing the disease into different severity levels, these systems have enabled early intervention and the
prevention of vision loss, especially in underserved regions with limited access to ophthalmologists. Furthermore, Al
models have been instrumental in combating respiratory diseases like COVID-19 and pneumonia. Trained on chest X-ray
and CT data, these models can distinguish COVID-19 pneumonia from other types of pneumonia and lung abnormalities,
supporting triage and clinical decision-making during the pandemic [17]. Collectively, these applications highlight the
transformative potential of Al in abnormality detection and classification, offering faster, more accurate, and scalable
solutions to pressing healthcare challenges.

e Methods

Traditional classification methods relied on handcrafted features, which were often limited in their ability to handle the
complexity and variability of medical images. In contrast, deep learning models, particularly Convolutional Neural
Networks (CNNs), have revolutionized the field by automatically learning hierarchical features directly from raw data.
CNNSs such as ResNet [18], DenseNet [19], and EfficientNet [20] have achieved remarkable performance across various
classification tasks, including detecting pneumonia from chest X-rays and diagnosing skin lesions. More recently, Vision
Transformers (ViTs) and hybrid models that combine CNNs and Transformers have gained traction, offering improved
accuracy by capturing both local features and global context in medical images. The applications of Al in medical image
classification span a wide range of imaging modalities and clinical scenarios. Al models have demonstrated exceptional
performance in detecting diseases such as pneumonia, breast cancer, and diabetic retinopathy, often achieving accuracy
comparable to or exceeding that of human radiologists. For example, deep learning-based tools trained on chest X-rays have
been used to detect COVID-19 and other lung abnormalities with over 90% accuracy. Similarly, CNNs trained on
mammograms can identify early signs of breast cancer, even in challenging cases with dense breast tissue. Beyond disease
detection, Al models are also being used for disease staging and prognosis prediction. In oncology, Al systems trained on
MRI scans can classify brain tumors into low-grade and high-grade gliomas, guiding treatment decisions. Similarly, models

Page | 7
Novelty Journals



about:blank
about:blank

0’& ISSN 2394-966X

International Journal of Novel Research in Life Sciences
Vol. 12, Issue 1, pp: (6-11), Month: January - February 2025, Available at: www.noveltyjournals.com

trained on retinal images can classify the severity of diabetic retinopathy, enabling timely intervention. Multi-label
classification is another critical application, where Al systems can identify multiple coexisting conditions, such as
differentiating between various lung diseases or detecting multiple abnormalities in a single scan.

e Challenges

Despite these advancements, several challenges hinder the widespread adoption of Al in medical image classification. One
major issue is data scarcity, particularly for rare diseases, which limits the ability of Al models to generalize. Additionally,
the variability in imaging protocols and equipment across institutions can result in models performing poorly on external
datasets. Another significant barrier is the interpretability of Al models, as their "black-box" nature makes it difficult for
clinicians to understand how decisions are made, leading to skepticism about their reliability. Ethical concerns, such as
patient privacy and biases in training data, further complicate the integration of Al into clinical workflows. To overcome
these challenges, researchers are exploring several promising directions. Explainable Al (XAl) techniques, such as Grad-
CAM and SHAP, are being developed to provide visual insights into Al decisions, fostering trust among clinicians.
Federated learning, which enables models to be trained on decentralized datasets without compromising patient privacy,
offers a solution to data scarcity and regulatory concerns. Moreover, integrating imaging data with other modalities, such
as genomic information and electronic health records, has the potential to improve classification accuracy and provide a
more comprehensive understanding of diseases. The use of synthetic data, generated by Al to simulate realistic medical
images, is also being explored to augment training datasets for rare diseases.

In conclusion, Al-driven medical image classification has significantly advanced the field of medical imaging by improving
diagnostic accuracy, reducing clinician workload, and enabling early detection of diseases. While challenges related to data
availability, generalizability, and interpretability remain, ongoing research and technological innovations hold immense
promise for the future of Al in medical image classification.

Al in Medical Image Segmentation

Medical image segmentation involves delineating specific regions of interest (ROIs), such as tumors, organs, or blood
vessels, from imaging data. This task is critical for diagnosis, treatment planning, and surgical guidance. Traditional
segmentation techniques relied heavily on manual delineation by experts, which is time-consuming and prone to variability.
The advent of Al, particularly deep learning, has revolutionized segmentation by automating the process and improving
accuracy and efficiency.

e Abnormal Segmentation

Abnormality segmentation is a critical application of Al in medical imaging, addressing the need to accurately delineate
regions of interest, such as tumors and lesions, for improved diagnosis and treatment planning. In brain MRI scans, Al
models like UNet are widely used to segment tumor boundaries, including gliomas and metastases. These models can
distinguish tumor subregions, such as the necrotic core, significantly enhancing surgical planning and radiation therapy.
For example, deep learning models trained on the BraTS dataset achieve high Dice similarity coefficients, offering
consistent and precise tumor boundary delineation that often surpasses manual segmentation [21-23]. Similarly, in lung CT
imaging, Al-powered segmentation tools effectively isolate and quantify lung lesions and nodules, differentiating
abnormalities such as cancerous growths or infections. These tools, trained on datasets like LUNA16 and LIDC-IDRI, play
a crucial role in early cancer detection and monitoring disease progression, including the segmentation of lung infection
regions in COVID-19 patients to evaluate disease severity. In liver imaging, Al segmentation models are extensively applied
to CT and MRI scans to detect and segment hepatocellular carcinoma (HCC) and other liver lesions. These models enable
precise volume calculations essential for preoperative planning, such as liver resection or transplantation. Similarly, in
ophthalmology, Al systems trained on datasets like DRIVE and STARE are used to segment retinal blood vessels from
fundus images. This helps detect abnormalities associated with diabetic retinopathy and hypertensive retinopathy, aiding in
early intervention and preventing vision loss. Breast imaging also benefits significantly from Al-based segmentation,
particularly in mammography and ultrasound, where tumors are isolated from surrounding breast tissue. Models trained on
datasets like INbreast are vital for measuring tumor size, shape, and margins, providing essential information for cancer
diagnosis and treatment planning. Collectively, these Al-driven segmentation applications demonstrate the transformative
impact of deep learning in achieving precise and consistent delineation of abnormalities, ultimately improving patient care
and clinical outcomes.
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e Methods

One of the most widely used architectures for medical image segmentation is UNet, which employs an encoder-decoder
structure to extract features and reconstruct detailed segmentation maps. The encoder captures spatial features through
convolutional layers, while the decoder upsamples these features to generate pixel-level predictions. Variants of UNet, such
as Attention UNet and UNet++, have introduced attention mechanisms and dense connections to improve performance,
particularly for complex and small ROIs. Another influential model is DeepLab [24], which uses atrous convolutions to
capture fine details and multi-scale features, making it effective for segmenting irregular structures such as tumors or
lesions. More recently, Transformers, adapted from natural language processing, have been employed in segmentation tasks
due to their ability to capture long-range dependencies and global context. Vision Transformers (ViTs) and Swin
Transformers have demonstrated state-of-the-art performance in segmenting anatomical structures in imaging modalities
such as CT and MRI. Al-based segmentation methods have been applied across various medical imaging domains. For
example, segmentation of brain tumors from MRI scans using UNet has become a standard practice in oncology, while
DeepLab models are widely used for segmenting lung regions and nodules in chest CT scans. In ophthalmology, retinal
vessel segmentation from fundus images has been instrumental in detecting diabetic retinopathy and other ocular diseases.
Additionally, Al models have shown exceptional performance in organ delineation, such as liver, heart, and prostate
segmentation, which is crucial for radiation therapy planning. These methods have significantly improved segmentation
accuracy and reduced the time required for manual annotations, making them an essential tool in modern medical imaging.

e Challenges

Despite the advancements in Al-driven segmentation, several challenges limit its widespread adoption in clinical practice.
One of the most significant challenges is data annotation, as creating high-quality, pixel-level annotations for medical
images requires expert knowledge and is labor-intensive. This limitation is particularly problematic for rare diseases or
complex anatomical structures where annotated data is scarce. Furthermore, segmentation models often struggle with
generalization due to variability in imaging protocols, equipment, and patient populations across different institutions. A
model trained on data from one hospital may perform poorly when applied to data from another, necessitating domain
adaptation techniques to enhance robustness. Another major challenge is handling ambiguous boundaries in medical images.
For example, segmenting overlapping organs or poorly defined tumor margins can be difficult even for human experts. Al
models frequently misinterpret these regions, leading to inaccurate segmentation results. Additionally, the performance of
segmentation models can degrade significantly in the presence of noise, artifacts, or low-quality images, such as those
obtained from portable imaging devices or during emergency situations. Interpretability is another critical barrier. While Al
models can produce accurate segmentation masks, they often function as black boxes, providing limited insight into their
decision-making process. This lack of transparency can make clinicians hesitant to rely on Al for critical decisions.
Moreover, the computational complexity of advanced segmentation models, such as Transformer-based architectures, can
pose challenges for real-time applications, particularly in resource-constrained settings. Ethical and regulatory concerns
also play a role in hindering adoption. Ensuring the fairness and equity of segmentation models requires addressing biases
in training data, as models may perform differently across demographic groups. Additionally, compliance with data privacy
regulations, such as HIPAA, adds complexity to sharing and integrating medical imaging data for model development.

In conclusion, while Al-based segmentation methods have achieved remarkable success in automating complex tasks and
improving accuracy, challenges related to data annotation, generalization, interpretability, and ethical concerns must be
addressed.

I11. CONCLUSION

Artificial intelligence is revolutionizing medical imaging, particularly in classification and segmentation, by enhancing
diagnostic accuracy and efficiency. Advanced models like CNNs, Vision Transformers, and UNet have proven highly
effective in detecting and delineating abnormalities across imaging modalities such as MRI, CT, and mammography.
Applications like brain tumor segmentation, lung nodule detection, and retinal vessel analysis demonstrate Al’s potential
to improve early diagnosis and personalized treatment planning.
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