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Local occlusion face recognition based on
depth residual network model compression

LIU Ruiming, XU Chunrong, ZHOU Tao, CHEN Lun’ao

(School of Electrical Engineering, Jiangsu Ocean University, Lianyungang Jiangsu 222005, China)

Abstract: Although the convolutional neural network improves the performance of occluded face recognition, it will lead to the
problems of complex structure, increased network parameters and time—consuming with the improvement of performance. To solve
this problem, a local occluded face recognition method based on depth residual network model compression is proposed. Firstly,
multi—task cascaded convolutional network (MTCNN) is used to preprocess the face image; Secondly, the residual network is
selected as the backbone network, and the convolution layer of the residual block is taken as the basic unit, and the convolution layer
filter is pruned by structural pruning to achieve the feature mapping of the depth residual network model compression while removing
the filter output; Finally, the mask feature is used to remove the occluded damaged feature elements for face recognition. The
experimental results show that the number of network parameters is reduced and the recognition speed is significantly improved when
the accuracy is not affected.
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Fig. 1 Flow chart of face recognition
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Fig. 2 Residual network structure
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Tab. 1 The parameters of network model
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Fig. 3 The pruning principle of ResNet50
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Fig. 4 Common occlusion of facial objects
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Fig. 5 Face dataset images
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Tab. 2 Face recognition accuracy under different pruning ratios
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Tab. 3 Experimental results comparison of different models %
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Fig. 7 Comparison of face recognition performance
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