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An asymmetric bimodal fusion method for lightweight palm print
and palm vein recognition network

LIN Sungi', XU Jiameng®, ZHENG Yujie', WANG Chong'?, WANG Jun?

(1. Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China; 2. School of Information and
Control Engineering, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: Deep learning has been widely used in palm print and palm vein recognition. However, with the continuous
miniaturization and terminalization of task usage scenarios, it is often challenging to deploy current deep-learning mod-
els successfully on edge devices that suffer from limited computational power and memory constraints. In this study, we
propose a lightweight palm print and palm vein recognition network based on knowledge distillation. First, we select dif-
ferent network depths for the palm print and palm vein modalities according to the complexity of their feature extraction.
We introduce a novel modality feature loss function into the traditional knowledge distillation method to enhance the
guiding role of the teacher model in the feature extraction of each modality. The experimental results demonstrate that
this method effectively balances model size with performance and offers a viable solution for biometric recognition
technologies within an edge computing environment.

Keywords: deep learning; biometrics; palm print and vein recognition; multimodal network; knowledge distillation;
model compression; convolutional neural network; class activation map
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Fig. 1 Different residual blocks
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Fig.2 Convolutional block attention module structure
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Fig. 3 Framework of palm print and vein recognition network
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Fig. 4 Basic frame of knowledge distillation
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Table 2 Results of network configurations for feature extraction under different frameworks in CASIA dataset

SR FS Ik 24K WEHE  FRIRISAE /9 /9 W% AF,/% FFEIRK/NVMB
)Y 7R B2 B2 Acc/%  APre/%  ARecall/% 1% P

1 H LR ResNet8 ResNet8 87.33 88.12 87.69 86.22 38.9

2 ZENR kR ResNetl4  ResNetl4 94.83 92.89 93.34 92.05 88.5

3 ResNet8 ResNet8 90.16 88.69 89.01 87.00 39.2

4 (D057 ResNetl4  ResNetl4 96.00 96.20 96.51 95.83 88.8

5 WS A 78T ResNet8 ResNet14 98.33 98.63 98.18 98.10 64.0

6 ResNet14 ResNet8 95.83 96.56 96.01 95.59 64.0
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Table 3 Results of network configurations for feature ext-
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Fig. 6 Class activation diagram under different frame-

works and different experimental configurations in
CASIA dataset
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