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Abstract

This study evaluates blood pressure estimation using an rPPG - blood pressure dataset collected at Leipzig
University Hospital. We derive 52 features capturing waveform shape and temporal structure from the raw rPPG
signal and its first and second derivatives. After normalization, the features are organized into fixed-length observation
windows that serve as inputs to a recurrent neural network. By systematically varying the observation window length
and the interval between successive blood pressure estimates, we examine how this temporal design affects
performance. The results show that sufficiently long windows and not overly frequent update intervals yield lower
MAE and higher correlation with reference blood pressure. They also indicate that tuning these temporal settings
alone can substantially reduce the performance gap between rPPG-based and contact PPG-based estimation.
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Table 1. Summary of 52 rPPG features
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DW10 + SW10, DW25 + SW25, DW33 +
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Fig. 1. Ovenview of 52 features isolated from rPPG
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Table 2. Blood pressure estimation performance with time
step 20

Sirid SBP DBP
MAE (95% CI) | SD| R | MAE (95% CI) |SD| R

1 14.25 [3.36, 5.14]/6.69|0.83] 1.93 [1.54, 2.31]|2.96/0.77]

10 |4.56 [3.71, 7.25/0.81]2.19 [1.82, 2.55]|346| 0.7

1

5 437 [381, 494] 7.19/0.79]2.06 [1.82, 2.30]|3.14/0.72
1
1

4]
15 |6.15 [3.15, 9 16])8.92)0.67| 2.67 [1.92, 3.41]|3.890.47,
20 |5.52 [5.09, 5.95]/8.89] 0.7 | 246 [2.15, 2.78] |3.810.62

I 3. Time step 40 &¢F =8 M5 Z1f
Table 3. Blood pressure estimation performance with time
step 40

Strid SBP DBP
MAE (95% CI) | SD| R | MAE (95% CI) |SD| R
1 139 [3.08, 4.73] |6.26/0.84] 1.73 [1.28, 2 18]12.86/0.75
5 |4.06 [364, 4.47/6.78|0.82| 1.66 [1.38, 1.94]|2.67/0.78
10 | 4.57 [30, 6.14] |6.84]0.78| 2.05 [1.39, 2.71] 322/0.68
20 |4.54 [2.95, 6.13]|7.09] 0.8 | 2.02 [1.58, 2.47]|2.92/0.74
30 547 [3.79, 7.15]|7.56|0.75| 1.99 [1.68, 2.31]| 2.7|0.75
40 |5.12 [3.89, 6.35]| 7.31]0.78| 2.74 [2.10, 3.38]|3.55/0.63
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Table 4. Comparison of blood pressure estimation
performance between PPG and rPPG

SBP DBP
MAE | SD R | MAE| SD R
PPGI4] | 451 | 781 | 089 | 26 | 441 | 086
rPPG 39 | 626 | 084 | 1.73 | 28 | 0.75
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