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Abstract: To solve the problem of accuracy decrease in facial recognition caused by the loss of
facial structural information in the case of facial occlusion, an occluded face recognition algorithm
based on fine-grained deep feature mask estimation was proposed. Firstly, the face image was fed
into feature pyramid network (FPN) to obtain multi-scale deep semantic features. Next, the
features extracted from the FPN were processed by the atrous convolution and fused with shallow
features extracted using MobileNetV3; a pixel-wise binary mask was used as label to train the
network to obtain the fine-grained deep feature mask; this deep feature mask was multiplied with
the deep features to suppress the corrupted feature produced by occlusion and to obtain the better
face representation. Finally, CosFace loss and mask estimation loss were jointly used to train the

network to improve the performance of occluded face recognition algorithm. Three face occlusion
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datasets with mask, scarf, and center occlusion were created based on the LFW dataset, respectively.

The experimental results show that on four different datasets, the proposed algorithm was more

accurate than existing algorithms and obtained very stable face recognition results under different

occlusion situations. The recognition accuracy on LEW and LFW-mask-occlusion datasets reached

99.38% and 98. 42% , respectively and that on LFW-scarf-occlusion and LFW-center-occlusion

datasets reached 98.72% and 98. 65%, respectively, outperforming the algorithms compared.
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Fig. 1 Principle of feature extraction module
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Fig. 2 Principle of mask deep semantic feature module
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Fig. 3 The framework for occluded face recognition algorithm based on fine-grained deep feature mask estimation
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Fig. 6 Samples of LFW-mask-occlusion dataset
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Table 2 Results of LFW dataset

Bk PN R/ % RSN SN
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Table 3 Results of LEW-mask-occlusion dataset
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Table 4 Results of LEW-scarf-occlusion dataset
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Table 5 Results of LEW-center-occlusion dataset
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Fig. 9 The image of the same face under different occlusion
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