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Medical Image Synthesis Based on Deep Learning: Methods, Applications and

Future Directions

Yang Li
Chongqing Medical University Affiliated Rehabilitation Hospital, Chongqing, China

Abstract: With the rapid advancement of medical imaging technology, deep learning has demonstrated tremendous
potential in medical image synthesis, offering new opportunities for clinical diagnosis, treatment planning, and medical
research. This paper systematically reviews deep learning-based medical image synthesis methods, focusing on the
application of Generative Adversarial Networks (GANs) in cross-modal synthesis and domain adaptation, the
high-fidelity generation capabilities of Diffusion Models (DM) and their limitations in multimodal synthesis (such as
insufficient diversity of synthesized samples), as well as the advantages of Transformer models, hybrid models, and
domain adaptation techniques. In terms of application scenarios, the paper analyzes practical cases including cross-modal
image synthesis (e.g., MRI to CT, MRI to PET conversion), intra-modal image enhancement and standardization, image
reconstruction and denoising, longitudinal image generation and disease progression modeling, and specific lesion or
tissue synthesis. It also highlights the limitations of existing methods in generalization, computational efficiency, and
ethical compliance. Future research should focus on improving model robustness, multimodal fusion capabilities, and
clinical applicability. This study provides a comprehensive reference for innovation and clinical translation in the field of

medical image synthesis.

Keywords: Deep learning; Medical image synthesis; Generative adversarial networks (GANs); Diffusion models (DMs);

Cross-modal synthesis

102



	基于深度学习的医学图像合成：方法、应用与未来方向

