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ork has been widely used in supervised and semi-supervised image recognition due

Abstract: Generative adve
to its advantages of quickl realism and generating a large number of features during training. Aiming at improving
the accuracy of image r n under the General Adversarial Networks (GAN) model, this paper proposes a semi-
supervised deep learning model based on the existing GAN model, and the proposed model is tested on three different datasets:
MNIST, CIFAR-10, and Fashion-MNIST. The results show that the SSE-DCGAN model can effectively recognize images when
there is less label data in the three datasets. The recognition accuracy reaches 99.04%, 83.66%, and 89.64% on the three
datasets, respectively. The results of ablation experiments also show that after an encoder is added to the model, the accuracy
improves by 0.43%, 2.55%, and 4.44%, respectively.

Key words: generative adversarial networks; semi-supervision; image recognition; feature matching
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Tab.2 Comparison of test accuracy on the MNIST dataset
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Tab.4 Comparison of test accuracy on the CIFAR-10 dataset
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