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Research on face recognition combining MobileNet and Contextual Transformer
CHEN lJingwei, XIONG Jiping, CHENG Hanquan

(College of Physics and Electronic Information Engineering, Zhejiang Normal University, Jinhua 321004, Zhejiang, China)

Abstract; FaceNet, as the major progress in face recognition, has been widely used in related face recognition fields due to its
advantages of high precision and low hardware configuration requirements. The laboratory collects face data from multiple restaurants
and combines them to form a Chinese face dataset (CN—Face) with more than 13 000 face IDs and 100 000 face images. Explore the
use of CASIA-WebFace as the training set, use the improved MobileNet backbone network, adopt different attention mechanism
addition methods, change the activation function and integrate the Contextual Transformer module, which greatly reduces the number
of parameters and recognition speed, and significantly improves face recognition precision. Compared with the original FaceNet,
under the LFW test set, the accuracy rate reaches 98.79%, an increase of 2.74%. At the same time, the accuracy rate reaches
95.22% under the Chinese face dataset (CN—Face) collected in the laboratory, an increase of 1.35 %.
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Fig. 1 FaceNet network structure
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Fig. 3 ECA attention mechanism module
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Table 1 Different K value test results of ECA—Layer %

— SR K HE %
3 92.87
5 97.81
7 98.31
9 97.40
11 87.63
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Table 2 Test results of different network structures on the LFW

dataset %
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MobileNet+ECA (K = 5) 97.81
MobileNet+ECA (K = 7) 98.31
MobileNet+ SiLU 97.23
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