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Abstract: A multi-scale feature fusion method based on attention mechanism is proposed to address the difficulty of effective
feature extraction in low—quality 3D face images caused by noise interference. The aim is to improve the recognition accuracy of low
—quality 3D faces by extracting highly discriminative features. In order to enhance the network’s ability to extract image features, an
attention multi—scale feature fusion module is introduced. This module utilizes attention mechanism to automatically identify key
features in the network while extracting features of different scales, thereby extracting highly discriminative information from
complex low—quality data. In addition, by using convolution kernels of different sizes to obtain features of different receptive fields,
the network can capture richer information. Compared with the existing optimal methods, the average recognition accuracy on the
Lock3DFace test set has been improved by 0.97% ; The average recognition accuracy on test set A and test set B of Extended Multi
Sim increased by 0. 7% and 2. 4%, respectively. The experimental results show that the multi-scale feature fusion method based on
attention mechanism achieves significant performance improvement in low—quality 3D face recognition tasks.
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Fig. 1 Comparison of high—quality and low—quality 3D facial data
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Fig. 3 Attention multi—scale feature fusion module architecture diagram
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