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Research on Brain Tumor Image Generation Method Based on MD-CGAN
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Abstract: The samples are insufficient due to the difficulty of obtaining real brain tumor MR images, which se-
riously affects the performance of deep learning models. Therefore, a sample generation method based on the Multiple
Discriminator Cycle—consistent Generative Adversarial Network (MD—CGAN) is proposed in this paper. Firstly, the
MD-CGAN model is used to generate brain tumor pathological region images, and then these pathological region im-
ages are overlaid with the normal sub—regions of brain images to synthesize brain tumor MR images. Among them, the
double adversarial loss introduced by MD-CGAN avoids the problem of model collapse, and the cycle consistency

loss function introduced can ensure that the normal brain sub—region images generate the pathological region images
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of brain tumors, so that the images generated by MD-CGAN have high quality and diversity. Taking the Fréchet In-
ception Distance(FID) as the evaluation index, the MD-CGAN proposed in this paper and the more classic generative
networks in recent years are used to generate the images of brain tumor pathological regions and calculate the FID
value. The experimental results show that the FID of our MD-CGAN is 26.43%, 21.91%, and 12.78% lower than
those of SAGAN, StyleGAN, and StyleGAN2, respectively. To further demonstrate the effectiveness of our proposed
method, we use the generated brain tumor images to expand the training set and then train the segmentation models
on this expanded dataset. The experimental results show that the performance of segmentation networks trained on
the expanded dataset is better. Based on the above experimental results, it can be concluded that the brain tumor MR

images generated by our proposed method have high quality and rich diversity. These samples can be used to expand

the training set and effectively solve the problem that brain tumor MR images are insufficient.
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Fig.1 Diagram of brain tumor image generation
method based on MD-CGAN
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Fig.3 Samples of brain tumor images and normal brain images
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by MD-CGAN and synthetic brain tumor images
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