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Abstract; The threat caused by the generation and tampering of fake faces has attracted widespread attention. But most of the current
research needs to train detection models respectively for the fake images generated by different GANs ( Generative Adversarial Networks )
since they are hard to find the common discriminative features for judging the fake images, resulting in insufficient model generalization a-
bility. A GAN-generated fake face images detection model based on forensics trace mining in transposed convolution layer is proposed
for the insufficient generalization ability of existing models. Firstly,the image feature vector extraction framework is optimized based on
the principle of GAN-generated image pixel local correlation and contrastive loss function. And then the particle optimization swarm al-
gorithm and the maximum expectation algorithm are used to compose the EM-PSO ( maximum expectation—particle swarm) algorithm,
which will optimize model solution process and obtain the feature vector from RGB three - channel in convolution process. Finally,
support vector machine uses feature vectors to detect fake images. Experiments were performed on data set composed of FFHQ real face
data and fake face data generated by StyleGAN and StyleGAN2. The results demonstrate that the detection accuracy of the proposed
model reaches 94.25% ,and the AUC value reaches 0.99. The detection accuracy of proposed model is superior to the VGG16 model,
verifying the effectiveness of the proposed model.
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