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Experiments Training on two datasets P+Co>U U+C— P U+P — C VIPL-HR
Testing on the remaining one Ticthod MAE] RMSE] | Method MAE] RMSE] | Method MAE| RMSE| | Method MAE| RMSE|
B Datasets /\ GREENT [2] 829 15.82 |LiCVPRf [5]  28.22 30.96 [POSTt [4] 19.86 24.57 | Averaged GT 22.21  26.70
i _ . ICAT [3] 4.39 11.60 | POSt [4] 22.25  30.20 |LiCVPRft [5] 19.98 25.59 | DG-rPPGNet (ULP) 18.38 18.86
UBFC-rPPG: 42 subjects POSt [4] 352 838 |ICAf [3] 15.23 2125 |ICAt[3] 1427 1928 |pDQaPPGNet EU+C§ 1893 18.81
PURE: 10 subjects x 6 motions CHROM; [1] 3.0 6.84 |GREE: [2 0.03  13.92 |GREENt 2] 10.94 1672 | DGrPPGNet (PLC) 15.95 1747
COHFACE: 40 subjects x 2 environments Multi-task® [10] 1.06 2.70 |CHROMf{ [1]  3.82 6.8 |CHROM;t[1] 7.8 12.45
* VIPL-HR: 107 subjects x 9 scenarios x 3 devices Dual-GAN™[14] 0.74 1.02 | Multi-task™ [10} 4.24 = 6.44 | DG-rPPGNet 7.19 8.99
DG-rPPGNet 0.63 1.35 |DG-rPPGNet 3.02 4.69
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