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Separable Convolutional-based Heart Rate Detection Method for Face Video

WANG Meng, YANG Guanci
(Key Laboratory of Advanced Manufacturing Technology of the Ministry of Education, Guizhou University, Guiyang 550025, China)

Abstract: Heart rate estimation plays an important role in analyzing human health status such as heart. In order to address the problem of in-
adequate face feature modeling in remote contactless heart rate detection, the separable convolutional based heart rate detection for face video
(FVSC-HR) is proposed. First, the convolutional gating unit is incorporated to obtain fine—grained features of neighboring frames. Second, a
multi—head attention mechanism based on temporal differential convolution is used to refine the local spatio—temporal representation anti-inter-
ference capability. Then, the heart rate is output through the spatio—temporal feed—forward network. The model is trained and tested on UBFC-
rPPG and UBFC—phys datasets. Tested on the UBFC-rPPG and UBFC—phys datasets, the MAE of the FVSC-HR method on the UBFC-rPPG
dataset is 3.4, and the p—evaluation index is 0.8 ; on the UBFC—phys dataset, the MAE of the FVSC—HR method is 7.3; the FVSC-HR outper-
forms the six methods compared, and it can be used to provide intelligent health monitoring and telemedicine to provide heart rate detection
technology.
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Fig. 1 Architecture of separable convolutional based heart rate detec-
tion for face video
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Fig.2 Architecture of spatio—temporal feedforward network based
on separable convolution
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