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Abstract

The application of deep learning convolutional neural network in image processing has attracted
wide attention of many scholars at home and abroad. Recognizing and verifying faces under occlu-
sions will continue to be a hot topic in the field of deep learning. We need more effective methods
for real-time mask wearing detection and face recognition. From the traditional machine learning
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algorithm to the current deep learning convolutional neural network, the optimization of image
recognition efficiency, image recognition accuracy and network training speed is always the first
essential. In order to solve the problem of gradient disappearance and network degradation of
traditional neural network, this paper mentions a ResNet18 residual neural network based on
improved activation function LeakyReLU for face recognition under mask occlusion. Python lan-
guage is used to build a ResNet18 residual neural network model under the PyTorch framework.
The training results show that the improved activation function LeakyReLU produces higher rec-
ognition accuracy than the ReLU function under the same training conditions after two rounds of
training. The ResNet18 convolutional neural network model has improved the recognition accu-
racy compared with other face occlusion recognition methods.
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Figure 1. Deeper network model will have higher training errors and test errors (based on CIFAR-10 dataset) [2]
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Figure 2. Residual module structure diagram [2]
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Figure 3. ResNet model with five layer structures
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Figure 4. Internal structure of the 3*3 residual module [2]
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Figure 5. Internal structure of the 3*3 residual module [2]
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Figure 9. Visualization of three residual blocks [7]
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Figure 10. Visualization of conventional three residual blocks [7]
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Figure 11. Comparison experiment of deleting a single layer [7]
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Figure 14. Residual structure of ResNet18 [2]
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