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Abstract ; Objective The traditional single — cycle pulse recognition methods encounter significant limitations in practical ap-
plications due to the morphological diversity, cycle variability and individual differences inherent in the wrist pulse signals. In this
study , it focused on solving the classification problem of multi — period pulse recognition,and constructed an image — based dataset
by integrating the amplitude and temporal information of pulse signal through the Markov Transition Field( MTF). Building upon
this foundation, it set up new deep — learning network model, TCANet ( Temporal Convolutional Attention Network ) ,which lever-
aged the depth — wise separable convolutions and self — attention mechanisms to markedly improve the accuracy and efficiency of
pulse image classification. The experimental outcomes revealed that TCANet achieved the impressive performance metrics,inclu-
ding 94.74% accuracy,94.79% precision,94.74% recall and 94.76% F1 score in recognizing the slippery, stringy and normal
wrist pulses. This indicated that it had excellent performance and wide application potential in the field of multi cycle pulse rec-
ognition.
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fix, Adamw) OEAL S FEATINZR , B 7E B 386 N HAl 11 ( Adaptive mo-
ment estimation, Adam ) {5 {b#% B FE R AL T ACE 3208, ] L
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