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Palmprint Ridge Distance Estimation Based on Attention Mechanism and
Residual Network

ZHANG Hao,CHEN Ya-nan, YANG Lu,XU Li-na,HAO Fan-chang
(School of Computer Science and Technology , Shandong Jianzhu University ,Jinan 250101 , China)

Abstract; Palmprint ridge distance is one of the important texture attributes of palmprint ridge. It is often referred as an important
parameter in palmprint recognition algorithm and image quality evaluation method. At present,the commonly used method to estimate
palmprint ridge distance is frequency domain method,but the existing frequency domain method has high requirements on the quality and
integrity of palmprint image, resulting in limited application scope and further improvement of measurement accuracy. To solve these
problems,a palmprint ridge distance estimation method based on attention mechanism and residual network is proposed. The ridge
distance value obtained by manual annotation is recognized as the category of the input palmprint image block. Based on VGGI16
network ,CBAM attention module is introduced to enhance the network’s attention to ridge structure information. The loss function is im-
proved and the residual mechanism is added to avoid the gradient disappearance. The data set is manually annotated. For the unbalanced
distribution of samples in the data set, we employ the method of data enhancement to weaken the imbalance between the class
distributions, and design the sample unbalanced loss function to optimize the model. Experimental results show that the proposed method
has a 14.2% improvement in recognition accuracy compared with the frequency domain methods on this dataset,and at least a 5. 1% im-
provement in recognition accuracy compared with some classical deep learning methods.
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