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Abstract. Remote-photoplethysmography (rPPG) is an attractive technology
that can measure vital signs at a distance without contact. Previous remote-
photoplethysmography studies focused mainly on eliminating the artifact such
as motion but finding the optimal setup or hyperparameters are also an important
factor influencing the performance. As one of them, window size is the length of
the signal used to calculate the vital signs once in a spectral method and has not
been analyzed in detail in previous works. In general, the use of a long window
size increases the re-liability of the estimations, but it cannot reflect continuously
changing physiological responses of human. Also, using too short window size
increases uncertainty. In this paper, we compare and analyze the pulse rate estima-
tion results according to window sizes from short to long using CHROM, which
is one of the popular rPPG algorithms. Results on the PURE dataset showed that
the longer the window size, the higher the SNR and the lower the RMSE. At a
window size of about 4 s (120 frames), the SNR was switched from negative to
positive and an acceptable error rate (RMSE < 5) was observed.
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1 Introduction

Remote-photoplethysmography (rPPG) is a promising optical technology that can extract
physiological signals to obtain vital information such as a pulse rate in contactless
monitoring. The subtle color changes on the skin surface are synchronized with cardiac
activities. The fundamental principle of rPPG is to measure blood flow changes by
detecting light reflected from the skin tissues by a camera sensor. Unlike conventional
contact-based PPG approaches that require additional devices, rPPG has the advantage
of being able to remotely measure vital signs using a camera, which is ubiquitous today,
under ambient lighting conditions. The rPPG is an emerging technology and can be
applied to various fields such as sleep monitoring, home healthcare, elderly care, fitness,
entertainment, and forensic science.
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Studies on the easiness of rPPG extraction for each channel of digital images, noise-
resistant component analysis methods, optical/mathematical models of light sources
and skin, and performance degradation due to image compression have been conducted
[1-5].

On the other hand, most rPPG studies have only estimated a single pulse rate from
a long-length input video. However, such measurements cannot reflect a person’s active
physiological responses which change continuously. Moreover, in practical use, subjects
will not want to wait that long for measurements. Therefore, it is necessary to consider
short-term measurements for rPPG-based vital sign estimation. The window size refers
to the length of the signal for estimating a single estimation and has not been covered in
detail in previous studies. In this paper, we aim to contribute to confirming the impact
of window size in rPPG-based pulse rate measurement and finding the optimal window
size. For rPPG extraction, we used the CHROM method as the default rPPG algorithm
from facial skin.

2 Methods
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Fig. 1. Overview of the proposed rPPG-based pulse-rate estimation approach

Figure 1 shows the overview of the proposed rPPG-based pulse-rate estimation app-
roach. First, the frontal face is detected by the face detector from OpenCV DNN module
[6] at the first frame. Then Kernelized correlation filter (KCF) tracker [7] is used to
track the detected face in subsequent frames. This step enables stable facial localization
while minimizing the background pixels. Next, since the background has no pulsatile
information, a statistical filtering method based on the YCbCr color space [8] is applied
to filter out background pixels from the facial rectangle. The range of the skin was deter-
mined in a heuristic method. Then the CHROM method [9] is used for rPPG extraction.
This algorithm is robust to the subject’s motion and is therefore frequently adopted for
rPPG extraction. Since the signal still contains noise components, to further improve
the signal quality, we apply two post-processing steps. As the first post-processing step,
we re-move the breath-like trend from the signal and apply detrending to obtain zero-
centered normalized signals. In addition, a Butterworth bandpass filtering [10] with
cut-off frequencies of 42 bpm and 240 bpm is applied, which removes components
irrelevant to cardiac activities. Finally, to calculate pulse rate from the signal, a spectral
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method is used. It is considered for rPPG waveforms that are not relatively clean. At
this time, to mitigate spectral leakage, we apply the Hann window before the Fourier
transform.

The window size determines the interval of the signal to participate in the calcu-
lation of a single pulse-rate. In general, the use of a long window size increases the
re-liability of the estimation in rPPG-based vital signs estimation, but it cannot reflect
continuously changing physiological responses, and if it is too short, an incorrect esti-
mation is obtained. In our experiment, a total of 15 window size candidates (1, 2, 3,
4,5,6,17,8,9, 10, 20, 30, 40, 50, and 60 s) were considered. In the PSD-based pulse
rate estimation, a low frequency resolution is obtained if short-time signal is provided.
When calculating the pulse rate from a signal with the length of 10-s, it means that
the frequency resolution is 0.1 Hz in which the interval of each bin indicates 6 bpm.
Therefore, to increase the frequency resolution (i.e., calculated with 1 bpm precision),
some tricks could be introduced. The zero-padding technique is one of the ways to in-
crease the frequency resolution and was used in our experiment. More specifically, we
applied windowing the signal before applying zero-padding. Consecutive pulse rates
were obtained by applying sliding window at 1 frame intervals from the signal then the
statistical performance was evaluated.

3 Results

The algorithms were validated on PURE dataset [11]. This dataset comprises 10 partici-
pants performing different, controlled head motions in front of a camera. It was recorded
in 6 different setups such as steady, talking, slow translation, fast translation, small rota-
tion, small rotation, and medium rotation resulting in a total number of 60 sequences
of 1 min each. The videos were captured with an eco274CVGE camera by SVS-Vistek
GmbH at a frame rate of 30 Hz with a cropped resolution of 640 x 480 pixels and a
4.8 mm lens. Reference data have been captured in parallel using a finger clip pulse
oximeter (pulox CMS50E) that delivers pulse rate wave and SpO2 readings with a sam-
pling rate of 60 Hz. The test subjects were placed in front of the camera with an average
distance of 1.1 m. Lighting condition was daylight through a large window frontal to the
face with clouds changing illumination conditions slightly over time.

Table 1. Result of SNR and RMSE of each window length

Window | 1 2 3 4 5 6 7 8 9 10 20 30 40 50 60
size

(sec)

SNR —8.92 | —5.57 | —2.88 | —1.00 | 0.60 | 4.72 | 2.93 | 3.80 | 4.50 | 5.01 | 6.05 | 6.17 | 6.26 | 6.24 | 591
RMSE |2245 |13.19 | 6.94 4.49 3.16 | 2.69 | 2.36 {2.23 |2.14 | 1.94 | 1.60 | 1.52 | 1.50 | 1.45 | 1.13

We measured SNR values by setting them differently to a total of 15 window sizes.
Figure 2 and Table 1 show the SNR and RMSE comparison as a function of window
length, respectively. As the window size increases, higher SNR and lower RMSE were
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obtained. At the window size of about 4 s (120 frames), the SNR is switched from
negative to positive and a low error rate (RMSE < 5) was observed. Additionally, it
was confirmed that using a window of sufficient length has the effect of reducing the
estimation error in moving subject scenarios.
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Fig. 2. The SNR comparison as a function of window length on subjects

Figure 2 shows the SNR of the length of the window is a boxplot comparison, the
orange line is the mean value of the SNR, the blue star is the outlier, and the dotted
line is the reference line when the SNR is zero. A comparison of window sizes by setup
according to SNR shows that overall, the larger the window size, the higher the SNR.
The larger the window size, the more cardiac information is included. The window
size and SNR are proportional because we extract signals based on the most dominant
information. As expected, the small window size shows low accuracy due to insufficient
information to analyze.
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Fig. 3. Best and Worst cases of CHROM waveform when window size is 30

Figure 3 shows the CHROM waveforms for the worst and best cases when window
size is 30. The video used is a signal waveform with a total of 900 frames and is 30 s
long at 30 fps. Best and worst are extracted based on SNR values, and the values of SNR
are written above each waveform. As can be seen from the figure, the best cases show
that waveform results are more regular and stable.
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4 Conclusion

In this paper, we analyzed how window size affects pulse rate estimation. To extract
the rPPG signal and find the most optimal window size for estimating heart rate, we
analyzed the accuracy of the estimated pulse-rate according to window size. The pulse-
rate was calculated by applying a spectral-based estimation method that multi-plied the
maximum power peak by 60 after the FFT was applied. We extracted the pulse signal
with varying window-size for the PURE dataset. Each pulse-rate according to different
window sizes was compared with SNR and RMSE. Experiments show that the smaller
the window size, the less information, the lower the performance, and the longer the
window size, the better overall performance. However, it has been observed that long
window sizes are not always optimal, and sometimes performance gradually degrades
when exceeding a certain size. Consequently, the window size affects the rPPG signal
extraction performance, so it is necessary to find the optimal window size according to
the application domains.
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