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Abstract

Camera-based contactless methods enable continuous respiratory monitoring without sensor attachment; however,
respiratory motion varies across body regions, requiring effective use of information from multiple regions. This study
compared a temporal convolutional network (TCN), a multi-branch TCN (MBTCN), and an MBTCN with
validity-aware fusion (MBTCN_VAF). Subject-level cross-validation was performed using data from 39 subjects, and
performance was evaluated using the Pearson correlation coefficient between predicted and reference respiratory
waveforms. Mean correlations were 0.744 for TCN, 0.788 for MBTCN, and 0.795 for MBTCN_VAF. MBTCN
increased the mean correlation by 0.044 over TCN and improved performance in 35 subjects (89.7%; p<0.001), while
VAF further increased the mean correlation by 0.007 (p<0.001). These results demonstrate that the multi-branch
architecture and validity-aware fusion improve respiratory waveform estimation performance.
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Fig. 1. ROI selection for video—based respiratory waveform
estimation and an example of the ground-truth respiratory
waveform
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Fig. 2. TCN-based respiratory waveform estimation
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