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Abstract; Classification of pulse wave based on deep learning relied on a large amount of labeled data.
However, the existing pulse wave data with disease labels were small and the labeling methods were not
uniform, which led to the problems of low accuracy and weak generalization ability of the model. To ad-
dress this problem, a small-sample pulse wave classification method based on neural architecture search
and feature fusion was proposed. Firstly, the morphism search was performed in the parallel super-net-
work branches, the bi-dimensional split convolutional branch and the causal dilated convolutional
branch. At the end of each search, the subnetworks in the super-network branches were obtained as can-

didate networks for training and evaluation. The spatio-temporal features in the horizontal and vertical di-
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mensions of the pulse wave were extracted by the bi-dimensional split convolution branch, and the rhyth-

mic features of the pulse wave were extracted by the causal dilated convolution branch. Then, the

branching multiscale features were integrated using the feature fusion method. Finally, the best network

model was obtained based on the evaluation index to complete the classification. The experimental results

showed that the accuracy of the proposed method on two small sample pulse wave datasets was 97. 04%

and 95.96% , and the F1 was 97. 04% and 95. 95% , respectively, which could realize well classification

results.

Key words: pulse wave; small sample; neural architecture search; feature fusion; convolutional neural

network
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