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Abstract. With the advancement of imaging technologies, medical image processing has become
increasingly crucial in the medical field. However, traditional methods have limitations when dealing
with complex medical data. Machine learning, especially deep learning, has gradually become the
core in this area. For example, convolutional neural networks have achieved remarkable results in
image classification and lesion detection, and generative adversarial networks and self-supervised
learning have alleviated problems such as data scarcity. Chinese researchers have also made
numerous achievements. Nevertheless, machine learning in medical image processing still faces
challenges, including data heterogeneity, poor model interpretability, and difficulties in privacy
protection. This review systematically summarizes the application progress of machine learning in
medical image processing. It elaborates on the machine learning methods and application cases in
tasks such as image classification, segmentation, detection, registration, and enhancement. It also
analyzes the challenges in terms of data, models, and practical applications, and proposes future
directions such as self-supervised learning and few-shot learning, multi-modal learning and fusion,
interpretability and model transparency, privacy protection and federated learning. The aim is to
facilitate the development of machine learning in medical image processing technologies, improve
the accuracy and efficiency of clinical diagnosis, and provide better solutions for the medical industry.
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1. Introduction

Medical images have always been a research focus in the medical field. With the continuous
progress of imaging technologies, medical image processing has become an important auxiliary tool
for early disease detection, diagnosis, and treatment. However, traditional medical image processing
methods often fail to meet the requirements of accurate diagnosis when confronted with high-
dimensional, complex, and highly heterogeneous medical data [1, 2].

In recent years, along with the development of computer vision and artificial intelligence
technologies, machine learning, especially deep learning models, has gradually become the core
method in medical image analysis. Deep learning has not only achieved remarkable results in tasks
such as image classification, segmentation, and lesion detection but also promoted the rapid
development of computer-aided diagnosis (CAD) systems [3, 4].

Convolutional neural network (CNN), as one of the most representative network architectures in
deep learning, have been widely applied in the classification of medical images and lesion detection
and have made remarkable progress in processing various imaging data such as MRI, CT, and X-ray
images [1, 5]. For example, the automatic lung CT image detection technology based on CNN can
effectively identify lung cancer and other lung lesions, providing important auxiliary decision-making
support for clinicians [6]. Meanwhile, the introduction of emerging methods such as generative
adversarial networks (GANSs) and self-supervised learning has greatly alleviated the problems of
scarcity of medical data and high annotation costs, providing effective solutions for data
augmentation and feature learning [7, 8].

Chinese researchers have also made significant achievements in combining machine learning with
medical image processing. Representative aspects include the breakthroughs achieved in medical
image segmentation and detection tasks in fields such as cardiovascular and cerebrovascular diseases
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and the nervous system. For example, the automated cardiac MRI segmentation method based on
deep learning has begun to be applied in clinical practice [9].

It should be noted that while these technologies have made significant progress, the application of
machine learning in medical image processing still faces numerous challenges. Firstly, the problem
of heterogeneity of medical images remains prominent. Different imaging devices, imaging
modalities, and individual differences among patients can all affect the quality and features of images,
thereby influencing the training effect and generalization ability of models [2, 4]. Secondly, deep
learning models are often regarded as "black boxes™ because their internal decision-making processes
lack interpretability, which limits their application in clinical practice to some extent [5]. In addition,
due to the privacy and high sensitivity of medical data, how to achieve large-scale data sharing and
model training while ensuring data privacy is also an urgent problem that needs to be solved in current
research [3, 6].

Therefore, future research not only needs to continue optimizing existing deep learning algorithms
to improve the accuracy and generalization ability of models but also should strengthen the research
on model interpretability, transparency, and privacy protection. With the continuous development of
technology, deep learning-based medical image processing methods will be more widely applied in
clinical practice, helping to realize precision medicine.

This review will systematically summarize the application progress of machine learning in medical
image processing and focus on discussing the current technical bottlenecks and future development
directions. The article will introduce the machine learning methods used in main tasks such as medical
image classification, segmentation, and detection respectively, and demonstrate their advantages and
potential in practical applications.

2. Organization of the Text, The main task of medical image processing

Medical image processing plays a crucial role in clinical diagnosis, disease monitoring, and
treatment effect evaluation. With the continuous advancement of artificial intelligence and machine
learning technologies, the automated processing of medical images has become a key means to
improve the quality and efficiency of medical care. The main tasks in this field include image
classification, image segmentation, lesion detection, as well as image registration and enhancement.
The following will discuss these tasks one by one, combined with the latest research progress and
application cases.

2.1. Image classification

Image classification is a fundamental task in medical image processing, which refers to
categorizing the input images into different classes. In recent years, CNN have become the
mainstream approach in image classification tasks, especially demonstrating relatively superior
performance in medical image analysis.

2.1.1 Techniques of classification models: Convolutional Neural Network (CNN)

CNN automatically learn the spatial features in images through their unique hierarchical structures,
so they are highly suitable for image classification tasks. The convolutional layers can capture the
local features of images, while the fully connected layers can learn the global information of images.
In recent years, many studies have attempted to improve CNN models by adjusting the network
structures, introducing attention mechanisms or using deeper network architectures to enhance the
classification accuracy. For example, deep network architectures such as ResNet and DenseNet have
been widely applied in the field of medical image classification [1, 5].

2.1.2 Latest Application Cases: Pneumonia Detection and Breast Cancer Classification

In terms of pneumonia detection, CNN have been applied to automatically detect the lesions of
pneumonia through X-ray images or CT images. For example, Xie et al. proposed a deep learning-
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based method for classifying X-ray images of pneumonia, which utilized an improved version of the
ResNet50 network to enhance the detection accuracy of pneumonia.

Moreover, in breast cancer classification, significant achievements have also been made in using
CNN to classify mammography images (such as mammograms). Studies have shown that
convolutional neural networks can accurately distinguish between benign and malignant tumors in
the early detection of cancer [3, 7].

2.2. Image Segmentation

Image segmentation involves dividing an image into multiple regions with specific meanings,
which is particularly important in medical image processing and is often used for the automated
identification of structures such as tumors and organs.

2.2.1 Segmentation Methods Based on Generative Adversarial Networks (GANS)

Generative Adversarial Networks (GANs) have also been widely applied in medical image
segmentation. Through the adversarial training of the generator and the discriminator, GANs can
generate high-quality medical images, especially in image segmentation tasks. Variants of GANs
such as CycleGAN and Pix2Pix have been used to improve the accuracy of image segmentation,
especially when segmenting tumor or organ regions with blurred image boundaries [4, 9].

2.2.2 Applications of U-Net and Its Variants

U-Net is a deep learning network architecture specifically designed for medical image
segmentation. It features an encoder-decoder structure to achieve efficient image segmentation. The
structure of U-Net can precisely segment the target regions in medical images. Particularly in the case
of low-resolution or small datasets, U-Net still demonstrates excellent segmentation capabilities [4,
8].

In recent years, many variants based on U-Net have been proposed to further improve the
segmentation accuracy. For example, models such as 3D U-Net and Attention U-Net have achieved
remarkable results in tumor segmentation and organ segmentation. By introducing spatial and channel
attention mechanisms, these variants can better capture the important local features in the images,
thereby enhancing the segmentation accuracy [2, 6].

2.3. Lesion Detection

Lesion detection refers to identifying the diseased regions through medical images and providing
information for subsequent diagnosis and treatment. In recent years, object detection algorithms (such
as R-CNN, YOLO) have been widely applied in medical images and have achieved breakthrough
progress especially in disease detection and lesion localization.

2.3.1 Applications of Object Detection Technologies Such as R-CNN and YOLO in Medical
Images

Region-based CNN (R-CNN) divides an image into multiple candidate regions and utilizes CNN
to classify these regions, thereby achieving lesion detection. Although R-CNN has superior
performance, its computational cost is relatively high. Therefore, subsequent studies have proposed
more efficient algorithms, such as Fast R-CNN and Faster R-CNN, to improve computational
efficiency and accuracy [6, 9].

You Only Look Once (YOLO) is a real-time object detection algorithm that divides an image into
grids and predicts bounding boxes and categories within each grid. The advantage of YOLO lies in
its efficient real-time detection ability, enabling it to quickly detect lesion regions in medical images.
The latest research shows that YOLO performs excellently in the detection of diseases such as breast
cancer and pulmonary nodules [2, 10].
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2.3.2 Latest Progress: Introduction of Multi-Task Learning

Multi-Task Learning (MTL) has attracted increasing attention in medical images. By
simultaneously training multiple tasks (such as classification, localization, segmentation), multi-task
learning can improve the robustness and generalization ability of the model. Recent studies have
found that in pulmonary nodule detection, the YOLO network combined with multi-task learning can
simultaneously perform lesion localization and size estimation, thus providing more accurate clinical
auxiliary decision-making support [5, 6].

2.4. Image Registration and Enhancement

Image registration and enhancement are important tasks in medical image processing. Especially
in multi-modal image analysis, registration and enhancement help to improve image quality and
accuracy.

2.4.1 Traditional and Machine Learning Methods for Image Registration

Image registration aims to align medical images from different sources or at different time points
for comparison and analysis. Traditional registration methods are mainly based on image similarity
metrics, such as mutual information or correlation. However, with the introduction of machine
learning technologies, deep learning-based registration methods have gradually become mainstream.
Registration methods based on CNN, which automatically learn the registration relationships between
images by training deep learning models, have demonstrated powerful capabilities in the registration
of multi-modal medical images (such as CT and MRI) [4, 5].

2.4.2 Application of Generative Adversarial Networks (GAN) in Image Enhancement

Generative Adversarial Networks (GAN) can be used not only for image generation and
segmentation but also play an important role in image enhancement. GAN can enhance the details of
images through the adversarial training of the generator and the discriminator, making the lesion
regions in medical images more clearly visible. Especially in the enhancement of low-quality images
(such as low-resolution or noisy images), GAN performs outstandingly and can effectively improve
the visual effects and diagnostic value of images [4, 8].

3. Literature Analysis: Challenges and Limitations of Current Technologies

Although machine learning, especially deep learning technologies, have achieved remarkable
progress in medical image processing, they still face a series of challenges and limitations.

3.1. Data-Related Challenges

3.1.1 Heterogeneity and Scarcity of Medical Data

The heterogeneity of medical data means that medical images generated by different hospitals and
different devices may vary, making it difficult to directly apply the data to model training. In addition,
the scarcity of medical data, especially for specific diseases (such as rare diseases) and minority
groups, limits the training effect and generalization ability of machine learning models [7, 9].

3.1.2 Privacy Protection and Data Sharing Issues

Medical data involves patients' privacy and sensitive information. Therefore, ensuring privacy
protection has become an important issue in the process of data sharing and use. Existing solutions
such as data encryption and differential privacy methods have solved the data privacy problem to a
certain extent, but still require further technological and legal support [1, 10].
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3.2. Model-Related Challenges

3.2.1 Interpretability and Credibility of Models

The black-box nature of deep learning models leads to poor interpretability, which requires
particular attention in the medical field. Doctors and medical workers need to understand the decision-
making process of the models before they can trust these models in clinical decision-making. To
enhance the credibility of the models, researchers are attempting to develop more transparent models
and interpretable decision-making mechanisms [2, 3].

3.2.2 Generalization Ability and Robustness of Models

The problems of generalization ability and robustness of deep learning models also plague the
application of medical image processing. Model training usually relies on large-scale datasets, while
in reality, many medical data samples are limited, which may lead to unstable performance of the
models in the real clinical environment [6, 8].

3.3. Challenges in Practical Application

3.3.1 Clinical Integration and Application

There are still obstacles to the successful application of deep learning models in clinical practice.
Although deep learning models perform excellently in medical image processing in experimental
environments, in the actual medical environment, ensuring the efficient integration of the models and
the convenience of operation remains a challenge [6].

3.3.2 Computational Resource Requirements and Cost Issues

Deep learning models, especially complex convolutional neural networks, require a large amount
of computational resources, which limits their application in some medical institutions with limited
resources. In addition, the high computational cost may also restrict the promotion of the models [4].

4. Research Hotspots and Future Directions

With the rapid development of medical image processing technologies, researchers have proposed
some promising new directions. These directions can not only address the challenges in current
technologies but also promote the further development of medical image analysis technologies in
practical applications. The following will discuss the current research hotspots and possible future
technological trends in medical image processing.

4.1. Self-Supervised Learning and Few-Shot Learning

4.1.1 Application of Self-Supervised Learning in the Case of Scarce Labeled Data

Self-supervised learning is a technique that can learn meaningful features without the need for
manual labels. In medical image analysis, the acquisition of labeled data is costly and time-consuming,
especially for image data of rare diseases. Self-supervised learning greatly improves the efficiency of
data utilization by automatically generating labels or features through exploiting the inherent
structural information in unlabeled data. For example, Wu et al. proposed an image representation
learning method based on self-supervised learning. By constructing self-supervised tasks to train deep
learning models, they improved the ability to handle unlabeled data in medical image analysis [6].

4.1.2 Technological Advances in Few-Shot Learning (FSL)

In the medical field, especially for the diagnosis of rare diseases, few-shot learning (Few-shot
Learning, FSL) has gradually become a hot research direction. This method aims to train deep
learning models with a small number of samples, thereby improving the adaptability of the models to
new tasks or new categories. For example, Chen et al. proposed a medical image analysis method
based on few-shot learning. Through deep learning training on a small number of cases, they
effectively improved the model's ability to identify rare lesions [7].
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4.2. Multi-Modal Learning and Fusion

4.2.1 Fusion Analysis of Multi-Modal Data

Medical images often rely on various types of imaging technologies, such as CT, MRI, and
ultrasound. The data generated by these technologies have different modal characteristics. How to
fuse these different modal data to improve the accuracy of disease diagnosis is an important research
direction at present. Multi-modal learning extracts complementary information by simultaneously
processing multiple modal data, thereby enhancing the recognition ability of the model. For example,
He et al. proposed a deep learning-based multi-modal medical image fusion framework. This
framework combines CT and MRI images and jointly learns the spatial features in the images by
sharing convolutional layers, improving the diagnostic accuracy of medical images [4].

4.2.2 Application Scenarios of Combining Medical Images with Non-Image Data

In addition to image data, electronic medical records, genomic data, and other clinical data also
play important roles in medical diagnosis. Combining medical images with non-image data can not
only provide more comprehensive diagnostic information but also improve the robustness and
accuracy of the model. For example, Zhao et al. proposed a deep learning framework integrating
medical images and pathological data for the early diagnosis of lung cancer. By fusing imaging
information with patients' historical medical record data, the model can more accurately judge the
risk of diseases [2].

4.3. Interpretability and Model Transparency

4.3.1 Improving the Transparency and Interpretability of Deep Learning Models in the
Medical Field

Although deep learning models have demonstrated powerful performance in medical image
analysis, due to their "black-box" nature, clinicians often find it difficult to understand the decision-
making processes of these models. The interpretability of models is particularly important in the
medical field because doctors need to understand the reasoning basis of the models in order to use
them as auxiliary decision-making tools. To improve the interpretability of models, many researchers
have attempted to introduce interpretability methods into the models. For example, Wang et al.
proposed an interpretability framework based on the attention mechanism. This framework can
display the image regions that the model focuses on, helping doctors understand the decision-making
basis of the models [1].

4.3.2 Possibility of Clinicians' Involvement in Model Development

Improving the interpretability of deep learning models does not solely rely on the technology itself;
the involvement of clinicians is also crucial. Through cooperation with doctors, researchers can better
understand the important features in medical images and thus design models that are more
interpretable and credible. This cooperative relationship can enable deep learning models to be better
integrated into the actual medical work process and provide doctors with more accurate auxiliary
decision-making support [9].

4.4. Privacy Protection and Federated Learning

4.4.1 Application of Federated Learning in Medical Data Sharing

With the increasing amount of medical data, how to use these data for machine learning training
while ensuring privacy and security has become an urgent problem to be solved. Federated learning,
as an emerging distributed learning method, has important application value in solving data privacy
issues. In federated learning, data is not centrally stored but remains local at each data source. The
model protects data privacy by training locally and only transmitting updated model parameters. For
example, research by Jiang & Zhang shows that federated learning can effectively solve the privacy
issues when medical data is shared across institutions and can also improve the training effect of the
model [3].
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4.4.2 Trends in Privacy Protection-Related Regulations and Technologies

With the increasing demand for data privacy protection, many countries and regions have issued
relevant regulations to ensure the safe use of medical data. For example, the General Data Protection
Regulation (GDPR) of the European Union and the Health Insurance Portability and Accountability
Act (HIPAA) of the United States have both put forward strict requirements for the collection, use,
and sharing of medical data. Meanwhile, privacy protection technologies (such as differential privacy
and homomorphic encryption) are constantly developing and being combined with deep learning
models to further improve the security in the process of data sharing [2, 8].

5. Conclusion

Medical image processing technologies possess enormous potential in modern medicine, and deep
learning as well as other advanced machine learning methods are driving a revolution in this field.
Although remarkable progress has been made with current technologies, challenges such as data
heterogeneity, privacy protection, and model interpretability still remain. In the future, with the
development of new technologies like self-supervised learning, few-shot learning, and multi-modal
learning, along with the application of distributed learning methods such as privacy protection and
federated learning, medical image processing is expected to better serve clinical practice and improve
diagnostic accuracy and efficiency. Researchers should continue to make efforts to address the
existing technological bottlenecks and bring more efficient and secure solutions to the medical
industry.
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