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Progressive Face Age Synthesis Algorithm Based on
Generative Adversarial Network
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Abstract: The goal of face age synthesize (FAS) is to synthesize face images of specified ages
based on the source face image, while preserving personal characteristics and identity information
of the face. To solve the problem that irrelevant features are easy to change and artifact ghosting
occurs when age is changed, a progressive face age synthesis algorithm based on generative
adversarial network is proposed. The age editing module based on gate recurrent unit is used to
filter or add features adaptively, and attribute decoupling module is used for adversarial learning
in the latent space. Through the adversarial strategy of generator and discriminator, the real and
natural face synthesis is guaranteed. The age classification constraint is used to fit the specific age
distribution. In order to preserve age-independent properties, reconstruction learning is also
introduced into generative adversarial network. Experimental results on CACD dataset show
that, compared with other algorithms based on conditional generative adversarial network, the
proposed algorithm has reduced artifacts and distortions, enhanced age significance, and has
better age accuracy and higher identity consistency.

Key words: face age synthesis; generative adversarial network; attribute decoupling; latent
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Fig. 1 Framework of face progressive synthesis algorithm
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Progressive face age synthesis results
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Fig. 5 Comparison with other progressive face age synthesis algorithms
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Table 3 Comparison of mean age errors
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Table 4 Objective face verification results
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Table 5 Comparison of face verification rate %
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IPCGAN 99. 99 98. 50 97. 82 95. 94
SAM-GAN 100 99. 87 98. 39 96. 20
PFA-GAN 100 99. 99 98. 47 96.97
AR SR 100 99. 86 98. 65 97.12
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Fig. 6 Ablation results
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