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Fig.2 Improved Deep Convolutional Generation Adversarial Network model
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An improved DCGAN image generation method based on limited data

Wang Shibin®", Gao Zidiao*, Liu Dong"”®

(a. Computer and Information Engineering College; b. “Educational Artificial Intelligence and Personalized Learning”,

Key Laboratory of Henan Province, Henan Normal University, Xinxiang 453007, China)

Abstract: The success of Generative Adversarial Network (GAN) mainly relies on a large amount of data for model
training. When the training data is limited. GAN has problems such as unstable model and low fidelity of the generated image.
To solve the above problems, an improved model based on Deep Convolutional Generative Adversarial Networks(DCGAN) is
proposed in this paper, called LC-DCGAN(LeCam Deep Convolutional Generative Adversarial Networks). By introducing two
exponential moving average variables to reduce the variance between small batches and stabilize the regularization term, so that
its discriminator prediction gradually converges to the stable point. The experimental results indicate that the model can gener-
ate high-quality and diverse defect sample datasets under limited data.

Keywords: image generation; Generative Adversarial Networks; regularization; fidelity
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