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ABSTRACT

Although previous video-based heart rate (HR) estimation methods operate on color images processed through
an image processing pipeline, such pipelines may distort blood volume pulse (BVP) components. In this paper,
we analyze the impact of the image processing pipeline on video-based HR estimation. In addition, we introduce
a BVP signal extraction method that utilizes raw data from the RGB image sensor. Based on medical knowledge,
we can effectively extract the BVP signal from raw data, allowing improvement of HR estimation performance.
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1. INTRODUCTION

Heart rate (HR) is essential to assess the physical and mental condition of humans. Conventional HR measure-
ment relies on contact-based sensors, such as pulse oximeters. Although widely adopted in clinical and research
settings, such sensors may cause physical discomfort and impose constraints during prolonged use.

Non-contact video-based HR estimation has received considerable research attention.!'? This approach is
based on the fact that subtle skin color changes, caused by blood volume pulse (BVP) containing cardiac

pulsation, can be captured by cameras in a non-contact manner.>4

Several video-based HR estimation methods have been proposed by introducing color-difference representa-
tions,” spatio-temporal analysis,®% and supervised learning frameworks.”® While these methods have achieved
performance improvements, they typically operate on RGB videos where an image processing pipeline is applied
to the raw output of digital cameras, commonly referred to as RAW images.

The image processing pipeline consists of demosaicing (i.e., reconstructing a full-color image from a RAW
image captured through a color filter array),” white balancing,'? and gamma correction,'® which are designed to
produce visually pleasing images aligned with human perception. Nevertheless, these operations may negatively
impact the accuracy of BVP signal extraction. In particular, the amplitude of BVP-induced color variations
is less than 2 bits of the analog-to-digital converter of the camera.!!''? Therefore, when an image processing
pipeline is applied to RAW images, these subtle components may be attenuated or lost.

Because image processing pipelines may alter or suppress BVP-relevant signals, it is important to consider
the direct use of RAW images before any processing is applied. This approach may retain subtle temporal
variations that are essential for accurate HR estimation. However, RAW images also contain substantial noise
and irrelevant fluctuations, complicating the extraction of reliable physiological signals.!® Thus, an appropriate
signal processing strategy is needed to effectively utilize a RAW image sequence for video-based HR estimation.

In this paper, we analyze the impact of the image processing pipeline on the performance of video-based HR
estimation. By comparing the HR estimation performance using RAW images directly with that using the RGB
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video processed through an image processing pipeline, we examine whether the pipeline affects the performance
of video-based HR estimation. Furthermore, we introduce a BVP signal extraction method for video-based HR
estimation that can effectively process RAW images based on temporal characteristics of the BVP signal. By
performing a quality assessment in the frequency domain for each RAW pixel, we can effectively use the RAW
image sequence for BVP measurement, enabling performance improvement of video-based HR estimation.

2. IMAGE PROCESSING PIPELINE
We briefly describe the image processing pipeline typically applied to the RAW image of RGB cameras, which
comprises four main steps: color filter array sampling, demosaicing, white balancing, and gamma correction.
2.1 Sampling With Color Filter Array

Let C(@ ¢ ZH*W denote a RAW image for the d € {R, G,B}-th color channel, where H and W represent the
vertical and horizontal sizes, respectively. According to the Bayer color filter array,'* the pixel value at the
position p in C(?, denoted by C,(,d), is given by

P . b
0 otherwise

where d, denotes the sampled value of the d-th color pixel at position p. In addition, Q@ denotes the set of
pixel positions corresponding to the d-th color channel in the Bayer color filter array.
2.2 Demosaicing

To interpolate the missing color components, demosaicing is performed on C¥. A well-known demosaicing
method is based on bicubic interpolation.’® The d-th color channel of the demosaiced image I¥ € RE*W jg
obtained as I'Y = K@ 4« C(9) where % denotes the discrete convolution operator. In addition, K4 e Rrx#
denotes the convolution kernel matrix for the d-th color channel based on bicubic interpolation.

2.3 White Balance

White balance is effective in correcting color casts caused by ambient illumination. A common algorithm is based
on the gray world assumption, assuming that the average color of a scene is achromatic; i.e., the spatial average
of R, G, and B channels has the same value.' The gain for the d-th channel, denoted by ¢(%, is calculated as
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where I,(,d) is the pixel value of channel d at position p. The color-corrected image is obtained as I@ = sl AN

2.4 Gamma Correction

Gamma correction is applied at the final stage to adjust image brightness and contrast, accounting for the

nonlinear response of display devices and characteristics of human visual perception. The d-th channel of the
= 1

resulting RGB image Y4 is calculated as Y (%) = (I (d))?, where v denotes the gamma correction factor.
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Figure 1. Overview of our method: (A) Based on the quasi-periodic characteristics of the BVP, we calculate the quality
score of the time-series signal for each green RAW pixel. (B) Using the quality score, we extract BVP signals from the
RAW image sequence. (C) By searching the peak of the power spectrum of the extracted BVP signals, we estimate HR.

3. RAW-BASED HR ESTIMATION
3.1 Overview

We propose an HR estimation method that processes RAW images directly based on the physiological charac-
teristics of the BVP signal. Figure 1 shows an overview of our method. According to past studies, due to the
light absorbance characteristics of blood and skin, green components have the highest sensitivity to the BVP
component among the red, green, and blue components.'® 6 Based on this knowledge, we utilize the green
component. To extract the BVP signal, we calculate the quality score for each green RAW pixel based on the
temporal characteristics of the BVP signal. It is well established that BVP signals exhibit quasi-periodic charac-
teristics driven by the cardiac cycle.'” Based on this characteristic, we calculate the quality score by performing
a frequency analysis. Using the quality scores, we can effectively extract the BVP signal, enabling us to improve
the HR estimation performance. In the following section, we describe the details of our method.

3.2 Quality Score Calculation

Let the set of pixel positions belonging to the region of interest (ROI) be Z. For each green pixel within ROI,
ie., re (% NEZ), we define the time-series signal of the RAW image sequence as g, € R”, where T denotes
the length of the sequence.

We first assess the quality of g,. Previous studies have shown that the BVP signal is dominated by a
single frequency component corresponding to the quasi-periodic cardiac cycle, which lies within the established
physiological frequency range.'® Based on this property, quality can be evaluated by measuring the spectral
sharpness within the expected BVP frequency band.!?

To this end, we first apply a band-pass filter with the passband fgyp, which corresponds to the typical BVP
frequency range. The resulting signal g.. is obtained as g,. = BPF(g,.), where BPF(:) represents the band-pass
filter operator. We then compute the power spectrum of g.. as v, = | F(g.) |?, where v, € R denotes the power
spectrum consisting of frequency components f = (1,..., F), and F(-) represents the discrete Fourier transform.

From wv,., we search for the first and second largest frequency components, denoted by v,(}) and v(2) as
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where f,El) represents the frequency index of v,(ﬂl).

We calculate the quality score at r, denoted by w,. as
o)

1}5,2) —k ) (4)

Wy =

where £ = 1 denotes the normalization constant that ensures that the minimum value of w, is 0.



3.3 BVP Signal Extraction

We extract the BVP signal s € RT from the green pixel time-series signal g... To this end, two BVP signal
extraction strategies on the basis of quality scores w,. are considered.

Reliable pixel selection: We select the pixel with the highest quality score as the suitable pixel for HR
estimation. We extract the BVP signal s as

3:.9:1» where g = argmax Wpg= . (5)
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Weighted pixel averaging: According to past studies, multiple pixel averaging can reduce noise and improve
HR estimation performance.'’12 Thus, we extract s by calculating the weighted average of g, using w, as
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3.4 HR Estimation

To calculate HR, we first apply a band-pass filter with the frequency range fgyp to the obtained BVP signal s.
The filtered BVP signal is denoted by s’ = BPF(s). We then compute the power spectrum of s’ as = | F(s')|?,
where & € R denotes the obtained power spectrum consisting of frequency components f = (1,..., F).

Since the dominant frequency component in x is expected to be HR,'® we identify the frequency index with
the highest power spectrum as

/T = argmax x[f] . (7)
fEfBVP

We finally obtain the estimated HR, in beats per minute [bpm] by HR = 60 x f*.

4. EXPERIMENTS

To demonstrate the effectiveness of our method, we conducted experiments using real RAW image sequences
that were collected under controlled conditions.

4.1 Dataset

We recorded RAW image sequences capturing the right arm for 135 seconds using an RGB camera (JAI AD-
130GE). The RGB camera has a 1/3-inch CCD sensor with a Bayer filter color array and captures 12-bit RAW
images with a resolution of 1296 x 966 pixels and a frame rate of 30 fps. Five healthy subjects participated
and were instructed to sit still and place their right arms on a table. To obtain a ground-truth HR, we used a
contact-type pulse oximetry sensor (CONTEC CMS50D+), attached to the finger of each subject.

4.2 Comparison Methods

As a comparison method, we employed a video-based HR estimation method using RGB image sequence that
was processed through an image processing pipeline, referred to as Pipeline. The image processing pipeline
consisted of bicubic demosaicing (Sect. 2.2), gray-world white balance correction (Sect. 2.3), gamma encoding
(Sect. 2.4), and final 8-bit quantization to generate RGB image sequence. In addition, we adopted a method that
directly utilizes RAW image sequence without quality score, referred to as Raw. To ensure a fair comparison,
these comparison methods employ identical BVP signal extraction procedures: extracting the green channel
time-series signal from the same ROI =.

The BVP frequency range fgyvp was set as 0.7 - 2.5 Hz based on medical knowledge on BVP.!® The length
of the input sequence T' for our method and the comparison methods was set at 900. For Pipeline, the kernel
size k in the demosaicing process was set to 7. The gamma factor was set to v = 2.2. The size of the ROI =
for our method and Raw was set to 7 x 7 pixels, while that for Pipeline was set to 1 x 1 pixels, considering the
convolutional kernel size kK = 7 to ensure a fair comparison.



Table 1. Quantitative results using MAE [bpm] and SR [%].
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Figure 2. Comparison results for power spectrum of estimated BVP signals for Subject #4.
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Figure 3. Arm image and MAE heatmap of subject #4.

4.3 Evaluation Metrics

We evaluated HR estimation performance using two metrics: mean absolute error (MAE) and success rate (SR).
MAE is defined as the average of absolute errors between the estimated HR and the ground-truth HR. SR is
defined as the percentage of cases in which the HR estimation error was within +5 bpm.?%2! The better HR
estimation performance is represented by lower MAE and higher SR values. We comprehensively evaluated
the HR estimation performance using these metrics by sliding the ROI across the entire arm region in 1-pixel
increments and sliding the time window in 1-second increments.

4.4 Results

Table 1 shows the comparison results using MAE and SR. Compared to Raw, Pipeline exhibits lower accuracy,
indicating that the image processing pipeline negatively affects HR estimation performance. Furthermore, our
method exhibits performance superior to that of Raw, indicating the effectiveness of quality scores based on the
quasi-periodic characteristics of the BVP signal.

Figure 2 shows an example of the power spectrum of the extracted BVP signals for each method of subject
#4. It can be seen that the BVP signals extracted by our methods are consistent with the ground-truth signal.
We visualized the MAE at each ROI by sliding the ROI across the entire arm region. Figure 3 (a) shows the
entire arm of subject #4 with contrast enhancement. Figures 3 (b), (¢), and (d) show MAE heatmaps of subject
#4 of Pipeline, ours with reliable pixel selection, and ours with weighted pixel averaging, respectively. Note that
the heatmaps in Figures 3 (b), (c), and (d) are spatially aligned with the arm image in Figure 3 (a). It can be
seen that our methods exhibit darker colors, indicating better performance than Pipeline.



5. CONCLUSION

We analyzed the impact of the image processing pipeline on video-based HR estimation. Based on medical
knowledge of the BVP signal, we also proposed an HR estimation method that can effectively extract BVP signals
from RAW image sequence. The experimental results revealed that the image processing pipeline negatively
affects HR estimation performance. In addition, we demonstrated that the introduction of quality scores can
enhance the performance of HR estimation. Our results suggest that the inherent performance limitations of
video-based HR estimation methods can be overcome by rethinking the processing of RAW image sequences.
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