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A review of generative adversarial networks and

the application in medical image

Zhang Yinglin', Hu Yan', Risa Higashita', Liu Jiang'"
1. Department of Computer Science and Engineering, Southern University of Science and Technology, Shenzhen 518055, China;
2. TOMEY Corporation, Nagoya 451-0051, Japan

Abstract: The generative adversarial network (GAN) consists of a generator based on the data distribution learning and an
identified sample’ s authenticity discriminator. They learn from each other gradually in the process of confrontation. The
network enables the deep learning method to learn the loss function automatically and reduces expertise dependence. It has
been widely used in natural image processing, and it is also a promising solution for related problems in medical image pro-
cessing field. This paper aims to bridge the gap between GAN and specific medical field problems and point out the future

improvement directions. First, the basic principle of GAN is issued. Secondly, we review the latest medical images
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research on data augmentation, modality migration, image segmentation, and denoising; analyze the advantage and disad-
vantage of each method and the scope of application. Next, the current quality assessment is summarized. At the end, the
research development, issue, and future improvement direction of GAN on medical image are summarized. GAN theoretical
study focus on three aspects of task splitting, introducing conditional constraints and image-to-image translation, which
effectively improved the quality of the synthesized image, increased the resolution, and allowed more manipulation across
the image synthesis process. However, there are some challenges as mentioned below: 1) Generate high-quality, high-res-
olution, and diverse images under large-scale complex data sets. 2) The manipulation of synthesized image attributes at dif-
ferent levels and different granularities. 3) The lack of paired training data and the guarantee of image translation quality
and diversity. GAN application study in data augmentation, modality migration, image segmentation, and denoising of med-
ical images has been widely analyzed. 1) The network model based on the Pix2pix basic framework can synthesize addition-
al high-quality and high-resolution samples and improve the segmentation and classification performance based on data aug-
mentation effectively. However, there are still problems such as insufficient synthetic sample diversity, basic biological
structures maintenance difficulty, and limited 3D image synthesis capabilities. 2) The network model based on the
CycleGAN basic framework does not require paired training images. It has been extensively analyzed in modality migration,
but may lose the basic structure information. The current research on structure preservation in modality migration limits in
the fusion of information, such as edges and segmentation. 3) Both the generator and the discriminator can be fused with
the current segmentation model to improve the performance of the segmentation model. The generator can synthesize addi-
tional data, and the discriminator can guide model training from a high-level semantic level and make full use of unlabeled
data. However, current research mainly focuses on single-modality image segmentation. 4) GAN application in image
denoising can reconstruct normal-dose images from low-dose images, reducing the radiation impact suffered by patients. The
critical issues of GAN in medical image processing are presented as follows: 1) Most medical image data is three-dimen-
sional, such as MRI ( magnetic resonance imaging) and CT ( computed tomography) , etc. The improvement of the synthe-
sis quality and resolution of the three-dimensional data is a critical issue. 2) The difficulty in ensuring the diversity of syn-
thesized data while keeping its basic geometric structure’ s rationality. 3) The question on how to make full use of unla-
beled and unpaired data to generate high-quality, high-resolution, and diverse images. 4) The improvement of algorithms’
cross-modality generalization performance, and the effective migration of different modality data. Future research should fo-
cus on the issues as following: 1) To optimize network architecture, objective function, and training methods for 3D data
synthesis, improving model training stability, quality, resolution, and diversity of 3D synthesized images. 2) To further
promote the prior geometric knowledge integration with GAN. 3) To take full advantage of the GAN’ s weak supervision
characteristics. 4) To extract invariant features via attribute decoupling for good generalization performance and achieve
attribute control at different levels, granularities, and needs in the process of modality migration. To conclude, ever since
GAN was proposed, its theory has been continuously improved. A considerable evolution in medical image applications has
been sorted out, such as data augmentation, modality migration, image segmentation, and denoising. Some challenging
issues are still waiting to be resolved, including three-dimensional data synthesis, geometric structure rationality mainte-
nance, unlabeled and unpaired data usage, and multi-modality data application.

Key words: generative adversarial network ( GAN) ; medical image; deep learning; data augmentation; modality migra-

tion; image segmentation; image denoising
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Table 1 Derivative model for generating adversarial networks
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Fig.3 Generative adversarial network

Pix2pix for image-to-image translation
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Table 2 Data augmentation application
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Fig.4 Generative adversarial network CycleGAN for
image-to-image translation( ( a) unidirectional

CycleGAN;; (b) bidirectional CycleGAN)
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Table 3 Modality migration application
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Table 4 Image segmentation application
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