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Method of Complex Detail Image Generation Based on VAE-MSGAN Network
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Abstract: Generative adversarial networks is widely used in the field of image generation, but it is not easy to converge in the process of image
generation, which leads to the problem of fuzzy background in the local details of the generated image. Combined variational auto—encoder with
generative adversarial networks, multi-scale discriminator was introduced based on their advantages in image generation, and VAE-MSGAN
network model was proposed. More abundant feature information could be extracted by convolution kernel of different scales, and by adding
Batch Standardization(BN) layer and feature fusion processing, the convergence speed of the network could be accelerated, which was
conducive to the reuse of feature information. Then the feature information extracted from the two was fused. Finally, the improved
regularization method was applied to the objective function to reduce the network complexity and over fitting,it improved the training stability of
GAN model and the quality of local detail generation. The image generation algorithm was implemented and simulated by using Tensorflow
deep learning framework in the environment of Ubuntu 16.04. By comparing the image generation quality of different military image categories,
through cross validation, the classification accuracy of the generated image and the real image is basically consistent under the deep learning
classifier, which verifies the effectiveness of the designed network model.
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