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Efficient Face Recognition Algorithm Using Global Deep Separable

Convolutional and Residual Network

CHEN Xitong, LU Tao”
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Abstract: Because the model complexity of deep learning affects the real-time performance of face recognition,

this limits the wide application of face recognition algorithm in real-world scenario. To address this problem, we

proposed a residual neural network by global deep separable convolution. Firstly, we extracted local details of

face images by using a small convolution kernel, then the deep residual learning network was used as the

backbone network for extracting different levels of features. According to the spatial importance of face feature

distribution, we used the global deep separable convolution to adjust learn weights, accelerate and refine deep

features. The mechanism obtains more discriminative feature vector for face recognition. The recognition rates of

CASIA-Web face and Extended Yale-B face datasets reach 82.1% and 99.8%, respectively.
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Fig. 1  Structure of global deep separation convolutional and residual network
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Fig. 3 Visual samples from face databases: (a) CASIA-webface, (b) Extended Yale-B
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