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Fig. 1. The proposed AM-GAN comprising a joint attention mechanism together with a

GAN. 5
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Fig. 2. The generator network aligned with the attention mechanism. In the cross-
attention mechanism, the noisy PPG (P) feature map is set as the Query tensor, while the
combined feature maps for the triaxial ACC and VEL are set as Key and Value tens@s.
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Fig. 7. HR results calculated from the 16 testing subject datasets (in BPM: beats/min)
in the cycling and treadmill exercises. (a) Bland-Altman plot. (b) Scatter plot of Pearson
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Fig. 11. Raw signal and de-noised PPG signals in time and frequency domains. (a)
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