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Research on face recognition algorithm
based on multi—path fusion of human features

ZHANG Tuo
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Abstract: This paper addresses the issue of lower accuracy in face recognition of the FaceNet algorithm under low-light conditions
and occlusion by proposing a multi—path fusion face recognition algorithm. This algorithm integrates a multi—path fusion module into
the FaceNet framework, comprising three parallel paths: employing Ghost bottleneck structures to enhance feature extraction,
utilizing the CBAM attention mechanism module to extract crucial image features, and using the ASPP module for multi—scale
feature extraction, further enhanced through Sigmoid gate control units for each path to strengthen useful information. Subsequently,
the feature maps of the three paths are fused with weights. Furthermore, an FPN module is incorporated to enhance feature extraction
for different receptive fields. Additionally, a cross—entropy classification loss is added to the original Tripletloss loss function to
ensure faster convergence of the model. Experimental results demonstrate that the proposed face recognition algorithm achieves
excellent recognition performance, with an accuracy of 99.7% on the LWF dataset and 98.2% on a self-built dataset with low-light
and occlusion conditions, accurately identifying faces under low-light and occluded scenarios.
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Fig. 7 Channel attention mechanism module
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