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Abstract:In recent years, deep learning has made significant progress in the field of
medical image processing and analysis, providing strong technical support for clinical
diagnosis, treatment, and disease monitoring. Medical imaging modalities such as CT,
MRI, PET, and ultrasound have become increasingly important in medical diagnostics,
yet their complexity and the scarcity of labeled data pose challenges to traditional
methods. Leveraging its advantages in automatic feature extraction and nonlinear
modeling, deep learning has become a crucial tool for tasks such as tumor detection
and automated organ and lesion segmentation. This paper systematically reviews the
research progress of deep learning in medical image processing, with a focus on the
application of convolutional neural networks (CNNs) and generative adversarial
networks (GANs) in tumor detection and segmentation, as well as the development
and challenges of U-Net, attention mechanisms, and multi-modal fusion technologies
in organ segmentation and lesion detection. Additionally, this review discusses the
current challenges in medical image processing and offers perspectives on the future
directions of deep learning in this field.

Keywords: medical image processing, deep learning, organ segmentation, tumor
detection, multi-modal image fusion.
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