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Audio-based High-resolution Face Portrait Method

QIN Hao-ming, BU Fan-liang® , ZHONG Fang-hao
(School of Information Network Security, People’s Public Security University of China, Beijing 100038, China)

[ Abstract] Existing voice-driven facial generation methods still face challenges in feature extraction and generation quality, and have
yet to fully explore the deep correlation between audio and facial features. To address above mentioned issues, a research approach that
combines Mel frequency cepstral coefficients (MFCC) was proposedfor audio feature extraction with the image generation capabilities of
the second generation of style generative adversarial networks ( StyleGAN2) was proposed. In terms of audio processing, MFCC was
employed as the feature extraction method. To more effectively extract and transmit features from the audio, a ResNetl8-based residual
module was designed and integrated with the squeeze-and-excitation (SE) attention mechanism. Additionally, the activation function in
the original residual blocks was optimized and improved by using the Mish activation function, aiming to mitigate the gradient vanishing
problem in deep networks, maintain the integrity of feature information, and enhance the accuracy and generalization ability of the mod-
el. The StyleGAN2 model was then utilized as the facial image generation model. Experimental results demonstrate that the integration
of the designed audio processing network with the StyleGAN2 facial generation model exhibits outstanding performance in the task of
voice-driven facial generation. Through comprehensive evaluation using metrics such as Fréchet inception distance (FID) and path
length, the proposed method shows a significant improvement in generation quality compared to existing methods, thus fully proving its
effectiveness and superiority.

[ Keywords] voice-to-face generation; Mel frequency cepstral coefficients; style generative adversarial networks; attention mechanism
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Table 1 Statistics of the datasets used in experiments
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Table 2 Results of evaluation indicators for
different models

A FID Path Length
DCGAN 179.5 343
StyleGAN 68.2 207
StyleGAN2 28.9 131
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Table 3 Results of ablation experiments
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