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Biometric recognition based on improved
ECG feature with variable input convolutional neural network
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[ Abstract] In the field of biometric identification, ECG based identification method has the advantages of being difficult to copy,
in vivo and easy to collect. This paper proposes an improved convolution neural network based on ECG characteristics. The network
can accept ECG signals of variable length and effectively solve the problem of inconsistent heart beat length in biometric recognition
based on heart beat, and compare the current mainstream solutions. In addition, the research creates the USST-ID database, which
contains resting and exercise ECG records of 117 volunteers. Finally, the advantages of this method are verified in ECG-ID and
USST-ID databases, the accuracy rate reaches 98.75% and 90.47% respectively, both higher than the current mainstream solutions.
Especially, the fruits make up the current gap in biometrics involving both resting and exercise ECG signals.
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Fig. 1 USST-ID set of heart beats before and after exercise
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Fig. 2 Experimental flow chart
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Fig. 3 Comparison of wavelet transform before and after denoising
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Fig. 6 Principles of the ECGNet model
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Fig. 7 Implementation of SMP module
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Fig. 5 Comparison of the results of the four methods
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