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ARTICLE INFO ABSTRACT

Keywords: Blood pressure (BP) management is important worldwide, and BP monitoring is a crucial aspect of
Noncontact maintaining good health. Traditional BP meter measures BP independently in various situations,
Noninvasive

such as at home or work, using a cuff to maintain a stable condition. However, these devices can
causes a foreign body sensation and discomfort, and are not always practical for periodic
Robust blood pressure o .
PWV monitoring. As a result, studies have been conducted on the use of photoplethysmography (PPG)
PIT for measuring BP. However, PPG also has limitations similar to those of traditional BP meters, as
it requires the placement of sensors on two regions of the body (fingers or toes). To address this
issue, researchers have conducted studies on non-contact methods for measuring BP using face
and hand videos. These studies have utilized two cameras to measure PTT and have focused on
internal environments, resulting in low accuracy of BP measurement in external environments.
We proposes a method for robust BP measurement using pulse wave velocity (PWV) and PTT
calculated from facial videos. PTT is estimated by measuring the phase difference between two
different regions of interest (ROIs) and PWV is calculated using PTT and the actual distance
between two ROIs. In addition, our proposed method extracts the pulse wave from the ROI to
measure BP. The actual distance between the ROIs and PTT are estimated using the two extracted
pulse waves, and BP is then measured using PWV and PTT. To evaluate the BP measurement
performance, the BP calculated from both BP meters and facial videos (in indoor, outdoor, driving
car, and flying drone environments) are compared. Our results reveal that the proposed method
can robustly measure BP in diverse environments.

Facial video

1. Introduction

Blood pressure (BP) is a critical component of vital signs used to assess an individual’s health status. Hypertension, which is a risk
factor for cariovascular diseases, is most commonly observed in patients [1-7]. BP is the pressure generated in the blood vessels as
blood is pumped out of the heart, and this pressure varies according to the heart’s contraction and relaxation. Systolic BP (maximum
pressure) and diastolic BP (minimum pressure) are the two types of BP. Hypertension may result in complications such as heart failure,
myocardial infarction, cerebral infarction, and cerebral hemorrhage, while hypotension can lead to decreased metabolism and brain
function [2,7-9].

* Corresponding author.
** Corresponding author.
E-mail addresses: qkrwlstn91@skku.edu, gkrwlstn91@gmail.com (J.-s. Park), kshong@skku.ac.kr, kshong@skku.edu (K.-s. Hong).

https://doi.org/10.1016/j.heliyon.2024.e26007

Received 4 February 2023; Received in revised form 2 February 2024; Accepted 6 February 2024

Available online 10 February 2024

2405-8440/A© 2024 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:qkrwlstn91@skku.edu
mailto:qkrwlstn91@gmail.com
mailto:kshong@skku.ac.kr
mailto:kshong@skku.edu
www.sciencedirect.com/science/journal/24058440
https://www.cell.com/heliyon
https://doi.org/10.1016/j.heliyon.2024.e26007
https://doi.org/10.1016/j.heliyon.2024.e26007
https://doi.org/10.1016/j.heliyon.2024.e26007
http://creativecommons.org/licenses/by-nc-nd/4.0/

J.-s. Park and K.-s. Hong Heliyon 10 (2024) 26007

According to the 2021 report on noncommunicable diseases by the World Health Organization (WHO), CVDs account for 32% of
global deaths, with the majority of deaths resulting from hypertension [1,10-14]. Hypertension is generally asymptomatic and
difficult to detect early [12], therefore, continuous BP monitoring is critical as it can prevent CVDs and reduce the risk of CVD-related
complications in individuals who are at risk for hypertension [1]. The existing method for monitoring BP requires individuals to wear a
cuff mounted on a BP meter for approximately 30s to obtain a highly accurate measurement [10,15]. However, this method restricts
user movement, and incomplete contact with the cuff may result in the need for repeated BP measurements. Thus, it is not suitable for
continuous monitoring. Moreover, for continuous BP monitoring, individuals must carry the BP meter with them at all times, and the
cuff must be in firm contact during BP measurement [2,6-8,10,16,17]. Traditional BP measurement methods using a cuff mounted BP
meter are accurate, but require the user to remain still and can be uncomfortable due to cuff inflation. Furthermore, the need for one
device per person makes it difficult to measure BP in large populations. To address these issures, researchers have investigated
alternative methods using pulse waves [1,3,5,6,9-13,15-30]and pulse transit time (PTT) [1,2,8,12,14,18,21,28,31,32-36], as well as
PPG-based pulse wave velocity (PWV) [37,38] to measure BP without using a BP meter. While PPG and ECG devices enabled
continuous BP monitoring, these methods still pose challenges. To overcome these challenges, non-contact methods have been
developed that extract pulse waves from facial and palm images, minimizing user intervention and utilizing PTT calculated from the
two pulse waves to monitor BP. These non-contact methods are suitable for use not only in internal environments but also in moving
cars [29,31] and for individuals during sleep [18], making them a promising and versatile method for real-time BP monitoring in
various fields. Studies on noncontact BP measurement have utilized various regression analysis methods such as linear regression (LR)
[4,8,9,12,18,21,25,27,31,32-35], multiple regression analysis (MRA) [2,3,6,11,16,20,29,30,33], and deep learning approaches such
as CNN and LSTM [1,5,10,13,17,19,23,24,26,39]. These methods are used to predict the PTT between two pulse waves, or to extract
features of the pulse wave (such as amplitude, width, and slope) to measure BP. While previous studies have demonstrated the
feasibility of measuring blood pressure (BP) using facial and palm videos, they have mostly been conducted in controlled laboratory
environments. However, accurate BP measurement in real-world outdoor settings (such as on park benches, in cars, on mountains, or
using drones) remains a challenge due to unstable pulse waves caused by user movement and changes in illumination. Furthermore,
these studies have relied on the use of pulse transit time (PTT) and limited user physiological information, as calculating the distance
from the heart to the face and palms presents significant challenges. While the peak interval between pulse waves derived from the face
and palms can be calculated, this limitation complicates the estimation of pulse wave velocity (PWV), which is strongly correlated with
BP. To address this challenge, this study applies a moving average filter (MAF) to detect regions of interest (ROI) despite user body
tremors and illumination changes in the external environment to ensure that the ROI could be stably detected. The ROI is then specified
in the facial video captured in both internal or external environments, and the RGB color system of the ROI is converted to the YCgCo
color system to calculate the Cg color signal. The Cg signal is then processed using FFT and iFFT, which limit the pulse-related fre-
quency band (0.67-3.34 Hz)t o extract pulse waves. The actual distance between the two ROIs and PTT are estimated from the
extracted pulse waves, the PWV is calculated using the PTT and actual distance. This approach enables robust BP measurement using
PWV and PTT in diverse environments.

2. Related works

Non-contact remote BP measurements is increasingly gaining attention for addressing CVD-related issues and for commercial and
academic purposes globally. In recent years, several studies have demonstrated the use of contactless general cameras for BP mea-
surement monitoring, which offer superior advantages. Non-contact BP measurement enables continuous monitoring without pressure
on the forearm, and the results are periodically output as bio-signals, such as magnetic waves and skin temperature, in contrast the one-
time measurement (30s) used at home.

Existing studies differ in several ways, including how they specify the ROI for BP measurement, separate RGB color data from the
specified ROI and preprocess it, extract pulse waves, and calculate PTT. The BP measurement process can be summarized as follows.

(1) This method uses features of pulse waves extracted by applying ICA and Kalman filter to RGB color signals or the PTT calculated
from two extracted ICA-based pulse waves [21].

(2) This method uses features of pulse waves extracted by applying BPF to RGB color signals or the PTT calculated from two
extracted BPF-based pulse waves [2,5,8,9,12-15,20,22-24,26-28,31,32,34,36].

(3) This method employs features of pulse waves extracted by applying HPF to RGB color signals or the PTT calculated from two
extracted HPF-based pulse waves [22,25].

(4) This method employs features of pulse waves extracted by applying LPF to RGB color signals or the PTT calculated from two
extracted LPF-based pulse waves [3,19,22,33].

(5) This method uses features of pulse waves extracted by applying MAF to RGB color signals or PTT calculated from two extracted
MAF-based pulse waves [30].

(6) This method uses features of pulse waves extracted by applying a pair filter to RGB color signals or the PTT calculated from two
extracted pair filter-based pulse waves [35].

Most existing studies extract pulse waves using filtering methods and measure BP using features of pulse waves [1,3,5,6,9-13,
15-30] or PTT [1,2,8,12,14,18,21,28,31,32-36] of facial videos. However, studies on other PPG-based BP observations have shown
that PWV [37,38] has a higher correlation with BP compared with PTT. Nevertheless, PTT is often used because calculating the PWV
using facial videos requires knowing the actual distance between ROIs. Morover, sudden illumination changes in RGB colors were not
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considered because the subject was allowed to remained stationary when measuring BP using color data from the ROI in the face video,
and data were collected only in a constant indoor environment with negligible light change. Thus, all reported results achieved high
accuracy due to simple data with little noise in controlled settings. However, if BP is measured in outdoor environments (outdoor
benches and mountains), automobiles, and drone cameras, the camera may continue to shake when detecting the user’s face, and
illumination can change rapidly. Few studies have explored how these methods performed with challenging data when both illumi-
nation changes and minute subject body tremors are present. New datasets must be collected to apply and evaluate novel methods, and
repetitive data collection consumes time.

Fig. 1 depicts the process of non-contact BP measurement, in which the optimal ROI is specified from facial images captured by a
camera, and stable face detection is performed. Then, BP is measured using the estimated PTT and PWV, which are extracted from the
Cg color signals obtained from the specified ROIs.

3. Robust blood pressure measurement method

In this study, a robust BP measurement method using facial videos in diverse environments was proposed. The preprocessing
process involves applying stable facial detection and transforming the RGB color medel to the YCgCo color model in the skin ROI,
where arterial blood flows from the face, in order to calculate the Cg signal. By applying FFT to the Cg signals extracted from two
different ROIs, we calculate the maximum peak value (Peakiay), frequency value (fiux _peak) for Peakmay, and frequency phase using
frequency-domain analysis. PTT is estimated using phase and f.x _peak, and PWYV is calculated using PTT and the actual distance be-
tween the pixels of two different ROIs for the center point. Finally, we measure systolic blood pressure (SBP) and diastolic blood
pressure (DBP) using the features.

3.1. ROI stabilization

The Haar-like feature is an object detection algorithm that uses AdaBoost Learning, which is a machine learning method widely
used for face detection. This method detects an object by calculating the difference in brightness in a specific area, as shown in Fig. 2.

The Haar feature detects facial features such as the eyebrows and philtrum to locate the face. It has a high detection speed and
provides accuracy results. Accurate and efficient face detection is crucial for the measurement of BP using facial videos, as it enables
the detection of subtle changes in skin color associated with variations in blood flow.

As shown in Fig. 3, the x and y coordinates of the upper left point of the detected face area were defined, with the height and width
of the detected face denoted by H and W respectively. Thanks to the accurate detection provided by the Haar algorithm, the face area
could be captured even with large variations in coordinates, enabling the exclusion of any noise except for changes in skin color data.

Fig. 4 shows the original x coordinates of the detected ROI, which exhibit high variability. To overcome this issue, in this study,
MAF was applied by removing high-frequency components to eliminate noise other than skin color changes. Thus, the X and Y co-
ordinates of rapidly changing faces were stabilized.

As shown in Fig. 5, the high-frequency components were eliminated for stable ROI detection by applying MAF to the x and y
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Fig. 1. Flowchart of systolic & diastolic blood pressure measurement.
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Fig. 2. Expended Haar-like feature.

Fig. 3. Face detection using Haar feature.
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coordinates of n samples, and the detected face x and y coordinates with large changes were stably improved, as expressed in Eq. (1).

. TOI_X;_py1 + FOi_Xi_pin + 1Oi_X;_yy3 + +++ + 10i_X;
roi_x; = s (€D)
n

where roi_x; denotes the average of x and y coordinates of roi for n samples, and roi_x; denotes the x and y coordinates of the actual
detected ROI per frame.

As shown in Figs. 4 and 6, the calibrated x coordinate variability can be utilized to measure BP with high accuracy, as it effectively
removes noise other than skin color changes through the proposed ROI stabilization method.

3.2. ROI selection

In this study, we measured BP from facial videos by detecting skin color changes in the skin ROI where arterial blood flows. The PTT
represents the peak delay of the pulse waves for the cardiac response.

PTT, an important feature for BP measurement, represents the delay of the pulse waves from the aortic valve to the peripheral stage.
As shown in Fig. 7, Cg signals were calculated in two different skin regions (roi; and roi,) to determin PTT. We set roi_1 and roi_2 in
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Fig. 5. ROI stabilization process.
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Fig. 7. Comparison of roi (roi; and roiy).
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close proximity to the direction of blood flow, and observed that the use of these regions of interest resulted in less noise and enabled
more precise observation of changes in blood flow compared to when ROIs were placed in each left and right cheek individually. This
was confirmed through analysis of the color signals. Moreover, this was found to be a crucial factor in the extraction of the pulse
waveform and detection of peak points.

3.3. Pulse wave extraction

To compare the performance with the proposed method, BP was estimated by defining the peak interval between roi; and roi, of the
pulse waves calculated in two different regions as the PTT. Prior to calculating the PTT, the pulse wave was obtained using the Cg
signal. It should be noted that the Cg color data is more suitable for pulse wave extraction than the R, G, and B color data, which are
sensitive to illumination change. The Cg for the ROI is expressed as follows Eq. (2).

Cg_signal = [C‘g_datai17 Cg.a’ata;7 .y Cg_dataﬂ , 2)

Where Cg_signal | denotes a set of cg_data;, n represents the total number of frames, and the cg_dataf1 represents color conversion using
r,g,and b color data, expressed as follows Eq. (3).

Cg_data, = 128 + (= 0.25 x r_datd, +0.5 x g_data, — 0.25 x b_datal,), 3

where r,data;;, g,data;;, and b,data;; represent the average of the r, g, and b color data of all pixels in the skin roi, respectively, and k is
the value calculated for each pixel of one frame for the i th roi, which is expressed by Eq. (4), as follows.

color,a’atai :li Z color_datay(x,y), “4)

(x,y)€R!

where p' is the number of all pixels in the i th roi, color_data’ is the setting i th roi, (x,y) are the x and y coordinates of a pixel, and
color_data, represents the r, g, and b color values.

As shown in Fig. 8, the frequency domain can be identified by applying the FFT to the Cg signal calculated in the ith roi. The pulse-
related frequency band was 0.67-3.34 Hz, which is predicted to be 85.002 (fnax _peax X 60) bpm when estimating a pulse using a
frequency value and approximately 85 bpm when using a PPG device.

Zero-padding was applied, excluding pulse-related frequency bands from the entire frequency amplitude calculated by applying
FFT, which is expressed as Eq. (5). Pulse waves were extracted by applying iFFT to estimate the PTT using the pulse peak interval of the
roi; and rois.

Fig. 9 illustrates the process of obtaining pulse waves by applying FFT-iFFT. A pulse wave was obtained by applying iFFT to the
frequency values to which zero padding was applied. Zero padding is expressed using Eq. (5).

xzp (n) :x(n)vfllyulse,mm S n Sfpulse,mau = 07 n <fpul:e,m[n7 n >f}9ulsz,n1¢(a (5)

where x represents the values in the frequency domain calculated by applying FFT to the Cg signal, n represents the total number of
samples, and x;, is the frequency data to which zero padding is applied. Zero-padding was applied to all areas except the pulse-related
frequency band (fyuise_min —~fpuise_max (Hz)), which is expressed by Eq. (6).

1 N-1 j(%’) nk
X(n):Nszp(k)xe ,(n=0,1,-,N—1). 6)
k=0
125 " " ' 0.03
124.5 0025 |\ 0022780 Predict : 85.002 bpm
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B 0.015
S
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123 0.005
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Fig. 8. Cg signal extraction for 30s (Left) and FFT result of pulse-related frequency domain (Right).
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Fig. 9. Extraction process of the pulse wave to measure the BP.

3.4. Robust blood pressure measurement method

In this study, the Cg signal calculated by the stable ROI Detection method was employed, PTT was calculated based on the phase
difference between roi; and roiy, and PWV was estimated using the actual distance between roi; and roiy, and PTT to measure robust

blood pressure.

3.4.1. Peakmax, finax_peaks and phase difference for fuax_peax extraction
As shown in Fig. 10, to measure BP, the maximum peak of the pulse-related frequency band was detected to calculate the Peak,,
and f oy pear- In addition, the phase of .4, peax Was extracted to calculate the phase difference between roi; and rois, which is expressed

as follows Eq. (7).

o

(2ﬂf|emi1 - eruizl tf ‘emh - eraiz| >

8,01, — Oy0i, | Otherwise ’

@

where 0,4 denotes the phase difference calculated for roi; and roiy, and 6,,;, and 6,,;, are the phase values calculated for roi; and roiy,

respectively.
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Fig. 10. Peak detection and phase extraction of roi; and roiy
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3.4.2. PTT calculation using f,q._peax and difference of phase
PTT is an essential component for calculating not only PWV but also BP. where PTT was estimated using the phase difference
calculated by Eq. (8) and f,, « detected by roi;. PTT can be expressed as follows.

ax_pea

27— 6 1 .
@z = 61 X if0;>nm
27[ fmax_peak
PIT = . ®
04

27 fuax_peak

otherwise

3.4.3. Distance calculation between the center pixels of roi; and roiy

As shown in Fig. 11, prior to calculating the distance between the center pixcels of roi; and roi, for estimating PWV, a dataset of the
relationship between the distance from the camera to the user, divided into 5 cm intervals from 25 cm to 50 cm, and the width of the
detected face was collected to estimate the distance between the camera and the user.

To establish a relationship formula, an experiment was conducted while converting the distance between the camera and user to
25-50 cm in Fig. 12(a). The results are illustrated in Fig. 12(b), and the regression curve was extracted from a dataset using Eq. (9), as
follows.

) .
Dcamem—user :aface X Wldth/a(~e + bfacr X Wldthface + Cfa(‘m (9)

where Damerq—user denotes the distance between the camera and user, widthy,, is the width of the detected face sy, and by, represent
each coefficient for the regression curve, and cf,, is a constant. where ace, bface, and cqe Were calculated by regression analysis based
on the collected dataset (Fig. 12(a)). Dcamera—user Was estimated by applying the detected face width to the regression curve formula
extracted from Fig. 12(a). As illustrated in Fig. 12(b), the actual Dp pix. can be calculated using the estimated Dcamera—user, €Xpressed by
Eq. (10), as follows. Based on this, the actual distance between roi; and roi; can be predicted using Done_pixei-

2 + bp X Deamera-user + €5 (10)

camera—user

Do pixcet =ap X D

where Dy pixel is the actual distance of one pixel according to the distance between the camera and user, ap, bp are coefficients of the
regression curve, and cp is a constant. where ap, bp, and c¢p were calculated by regression analysis based on the collected dataset
(Fig. 12(b)). As shown in Fig. 13, the actual distance from roi; and roi can be calculated using the distance of one pixel, as follows Eq.
(11).

/2 2
D center of roir and roiy = \| Xaistance + Vistance* an

3.4.4. PWV calculation

PWV is a useful indicator of arterial stiffness. It varies with age, because the arteries are elastic in young people, PWV is relatively
low in young people and increases with age. PWV estimation methods are classified according to the measurement site. where the
brachial-ankle PWV (baPWV), which is relatively easy to record, was adopted. The baPWYV attaches a pulse wave extraction device to
the ankle and upper arm, as illustrated in Fig. 14, and calculates the velocity using the pulse wave velocity difference value and
distance between the two different ROIs (see Fig. 15).where PWV was estimated using PTT and the distance calculated from roi; and
roiy, as shown in Eq. (12). The transmission speed of the pulse wave was calculated using the calculated PTT and distance.

Decenter of roiy and roi
PWV = center of roiy and z. (12)
PTT

3.4.5. Robust blood pressure measurement using feature MRA
In this study, equations for BP measurement were extracted by applying a feature dataset collected for MRA to measure SBP and
DBP using features estimated with the Cg signals calculated in roi; and roi,. The SBP and DBP were calculated as follows Eq. (13).

Ysgpor pary = @+@1 X PWV+m, X PTT+w3 X Peak,.

1
rd
s Record the distance
Fixed Camera  P€tween the camera and the face
(25~50cm)

Fig. 11. Relationship dataset collection between the distance of camera-user and the detected face width.
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J.-s. Park and K.-s. Hong Heliyon 10 (2024) 26007

31 32 33 34 35 36 37 38 39 40
Time(seconds)

Fig. 15. PTT calculation using Pulse wave of roi; and roiy

F 04 X frnax _peak+@s X WHwe X H, 13)

where Ygp denotes a dependent variable, indicating SBP or DBP, w;-we represent the coefficient for each independent variable, PWV is
a pulse wave velocity calculated in roi; and roiy, PTT is the pulse transit time (s), peakyqx is maximum peak of pulse-related frequency
domain, finax _peak is a frequency(Hz) corresponding to peakmay, and W and H are the user body weight (kg) and height (cm), respec-
tively.

3.5. Blood pressure measurement method using pulse wave

As illustrated in Fig. 16, PTT was calculated using the peak of roi; and the peak of roi; adjacent interval extracted from two different
ROIs, which are the most commonly used cases in existing studies. Further, BP was estimated using PTT, which is expressed as follows
Eq. (5).

piti = }t(ilh peakroil) - t(jrh peakmiz) |7 i and]: 1727 s 1y (14)

where ptt; denotes the i th peak,,;, of roi; and the j th peak,,;, of roi, adjacent interval, |e| represents the absolute operator, and t is a time
function and time for the i th or j th peak. The unit of ptt; is s. The i and j may be the same, or different values can be substituted. The
average of ptt; (PTT) for the pulse wave calculated by roi; and roi, is expressed as follows.

1 n
PIT =— t;. 15
nZ? (15)

where BP was measured using PTT (calculated from Eq. (15)) and the user body weight (kg) and height (cm), as follows Eq. (16).

Yspp(or pap) =@ + @1 X PTT + @, x W + w3 x H. (16)

ROI, ROI,

Fig. 16. Multiple roi.

10
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3.6. Weighted average blood pressure for i th of ROI

Depending on the facial area considered in the image, the illumination change may be applied differently to the left and right sides.
More light may be applied to the left or right side around the center of the face. Even if the color difference component is employed,
removing all noise from the illumination change is challenging, therefore, the BP calculated for both cheeks may differ depending on
the amount of illumination. As illustrated in Fig. 16, SBP and DBP were measured using a weighted average of ROI; and ROI,, as
follows Eq. (17).

BP(SBP or DBP),,, = ®, X BProy, + @, X BPgoj, + - -+ @, X BPgoy,. 17)

where a weighted average of 0.5 was applied to the BP calculated in ROI; (roi;-roiz) and ROI; (roi;-roiz) of both cheeks and the
calculated BP.

4. Experimental results
4.1. Recorded dataset

To evaluate the SBP and DBP measurement performance of the proposed method, the BP was measured using a BP meter utilized in
homes and medical facilities, and facial videos were collected. Measurement using the BP meter required wearing the cuff and took
approximately 30s, simultaneously, a facial video of 30s was taken. Prior to the recording and BP measurement, facial videos and BP
data of the subjects used in this study were obtained from approved data by an accredited Institutional Review Board (IRB). All subjects
provided written informed consent for the use of their video and BP data for research purposes before conducting the experiment.

4.1.1. Internal dataset

For the BP measurement experiment using facial video in the indoor environment, a total of 400 facial videos 30-s long were
generated for 20 subjects (15 males and five females) using the front camera of a smart device (Galaxy 10+). Additionally, SBP and
DBP measured for 30 s using the cuff of the BP meter were collected. Facial video and BP measurements were performed simulta-
neously, and the video resolution of the smart device was set to 640 x 480 and 30 fps. The dataset collection process for the indoor
environment is illustrated in Fig. 17.

4.1.2. External dataset

For the BP measurement experiment using facial video in the external environment, a total of 120 facial videos, 30-s long, were
generated for 6 subjects (5 males and 1 female) using the front camera of a smart device (Galaxy 10+), additionally, SBP and DBP
measured for 30 s using the cuff of the BP meter were collected. The dataset collection process for the external environment is
illustrated in Figs. 18 and 19. In addition, for outdoor environments such as cars, drones, and benches, the cuff was elevated to the level
of the heart using an height adjustable desk and a sitting desk to maintain a stable position, and facial video recording and blood
pressure measurement were conducted.

Cg signals calculated from external environments were extracted using a camera mounted on a driving car or flying drone, which
rendered difficulty in measuring BP with high accuracy as the face may not be detected owing to illumination changes or body or object

Dataset collection environment Cg signals Extraction

b

- Record the face video

Smart-Phone
Camera

roi,

\ | ‘ "“l
41_,5 \u M .M‘l | \l\\i w ,w 5

\ﬁ‘*ﬂj

Wear a cuff of
blood pressure

The Blood Pressure Result
Transmission to smart-phone

Fig. 17. Dataset collection in an indoor environment.
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Fig. 18. Dataset collection in a driving car.
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Fig. 19. Dataset collection in a flying drone.

shaking.

The Cg signal was corrected by applying interpolation to measure the robust blood pressure in diverse environments. As shown in
Fig. 20, a cubic spline correction was utilized.

The cubic spline interpolation is an algorithm that connects two broken points. Note that the curve connecting the two points is a
cubic polynomial, thus, a cubic spline was applied to the undetected area, the functional values of the two curves at each point must be
the same, and the derivatives of the two curves at each point must also be the same. The undetected part was connected and the BP was
measured using the interpolated Cg signal, as illustrated in Fig. 20.

4.1.3. Histogram of blood pressure

Fig. 21 shows the distribution of the total 520 BP datasets collected in indoor (400) and outdoor (120) environments. The systolic
blood pressure (Fig. 21(a)) ranged from a minimum of 110 to a maximum of 170, while the diastolic blood pressure (Fig. 21 (b)) ranged
from a minimum of 56 to a maximum of 90.

4.2. Performance evaluation

The performance of the proposed method was evaluated by calculating the mean absolute error (MAE), root mean square error
(RMSE), and mean absolute percentage error (MAPE) using the BP error (y; — ¥;), which is the difference between y; (systolic and
diastolic BPs measured by BP meter) and y; (systolic and diastolic BPs measured by facial video) for the collected dataset. This is
expressed as follows Eq. (18).
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Fig. 21. Histogram of SBP and DBP

BN ~ L&y — i
MAE =~ "|y; = 5il, MAPE (%) = Z%, (18)
i=1 i=1 i

where |e| is the absolute operator for calculating the MAE and MAPE, and n represents the total number of BPs calculated from the th
facial video. Nota that low MAE, RMSE, and MAPE values indicate that the SBP and DBP calculated in the facial videos are close to the
BP measured by the BP meter.

4.2.1. Performance evaluation for stable and unstable ROI

Fig. 22 shows the results of systolic/diastolic BP comparison measured using the Cg signal calculated in a stable ROI (Fig. 22(a)
systolic BP using stable RO, Fig. 22(b) diastolic BP using stable ROI), and an unstable ROI (Fig. 22 (c) systolic BP using unstable ROI,
Fig. 22 (d) diastolic BP using unstable ROI) to measure robust BP in diverse environments.

To evaluate the performance of the proposed stable ROI detection method, a comparative experiment with BP measured in the
original ROI was conducted, noise (such as illumination changes and unstable ROI detection) was removed, and systolic/binary BP was
measured with a low error, as shown in Table 1.

BP was calculated using the Cg signal calculated in the original ROI detection and ROI stabilization conditions using the collected
internal dataset. The experimental results demonstrated that systolic BP before and after ROI stabilization exhibited a MAPE of 3.50 %
and 3.13 %, respectively, corresponding to an improvement by 0.37 %. In addition, the diastolic BP before and after ROI stabilization
exhibited a MAPE of 5.53 % and 4.89 %, respectively, corresponding to an improvement by 0.64 %.

Fig. 23 provides the mean error (ME), standard deviation error (SDE), and Bland-Altman analysis between BP measured by a cuff-
based device and the FBP estimated using the Stable ROI (Fig. 23(a)) and Original ROI (Fig. 25(b)) for all subjects in indoor and
outdoor environments. Fig. 23(a) indicates the approximation of the proposed method to the reference BP measured by the cuff-based
device.

4.2.2. Performance evaluation for internal dataset
Fig. 24 illustrates the results of a performance comparison experiment between the proposed BP measurement method (Fig. 24(a)
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Fig. 22. Comparison of BP calculation results by stable and original ROI.
Table 1
Comparative results of SBP and DBP on stable and original ROL.
Methods Analysis of difference conditions
MAE MAPE (%)
ROI Stabilization Systolic BP 4.21 3.13
Diastolic BP 3.61 4.89
Original Systolic BP 4.70 3.50
Diastolic BP 4.08 5.53

systolic BP using PWV and PTT (Proposed), Fig. 24(b) diastolic BP using PWV and PTT (Proposed)) for the collected indoor dataset, and
the BP measurement method using PTT (Fig. 24(c) systolic BP using PTT, Fig. 24(d) diastolic BP using PTT). The scatter diagram and
correlation coefficient of systolic/diastolic BP calculated using facial videos and the BP meter are presented.where BP in both cheeks
(RO, ROI,) was calculated, as illustrated in Fig. 16, and a weighted average method was applied to reduce the noise of illumination
changes. As presented in Table 2, an improvement in BP was confirmed when the weighted average was applied. A comparison of the
results of the PTT-based and proposed methods revealed that the MAPE of systolic BP was 2.96 % (proposed) and 3.52 % (using PTT),
whereas that of diastolic BP was 4.72 % (proposed) and 5.26 % (using PTT).

Fig. 25 provides the ME, SDE, and Bland-Altman analysis between BP measured by a cuff-based device and the FBP estimated using
the PWV/PTT based method (Fig. 25(a)) and only PTT based method (Fig. 25(b)) for all subjects in indoor environments. Fig. 25(a)
indicates the approximation of the proposed PWV/PTT based method to the reference BP measured by the cuff-based device.

4.2.3. Performance evaluation for external dataset

As illustrated in Figs. 19 and 20, measure BP with high accuracy in flying drones and driving vehicles is challenging owing to
illumination changes and body tremors. In this study, to evaluate the performance of the proposed method in diverse environments, an
experiment was conducted by applying it to a dataset of facial videos taken from outdoors, a moving car, and flying drone, and the
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Fig. 24. Comparison of BP measurement results using PWV and PTT.

results are presented in Table 3.

As presented in Table 3, the MAPE of systolic/diastolic BP for the proposed method and PTT-based method improved by 1.37
%/1.10 % outdoors (3.48 %/5.23 % (Proposed) and 4.85 %/6.33 % (using PTT)), 3.55 %/2.14 % in moving cars (5.17 %, 7.12 %
(proposed) and 8.72 %/9.26 % (using PTT)), and 3.32 %/2.70 % in flying drones (6.72 %, 7.37 % (proposed), and 10.04 %,/10.07 %
(using PTT)). As indicated in the experimental results, the method proposed enables the measurement of systolic/diastolic BPs with a
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Fig. 25. (a) and (b) Bland-Altman plot BP. (a) from PWV/PTT. (b) from only PTT on internal dataset.

Table 2
Comparative results of BP on internal dataset.
Methods Analysis of difference conditions
MAE MAPE (%)
Weighted Average PWV/PTT-based (Proposed) Systolic BP 4.01 2.96
Diastolic BP 3.53 4.72
PTT-based Systolic BP 4.77 3.52
Diastolic BP 3.81 5.26
Table 3

Comparative results of BP on external dataset.

External environment (Weighted average application)

Conditions Metrics PWV/PTT-based (Proposed) PTT-based
Systolic BP Diastolic BP Systolic BP Diastolic BP

Outdoor MAE 4.66 3.88 5.93 4.21

MAPE (%) 3.48 5.23 4.58 6.33
Driving car MAE 5.74 6.13 7.88 8.03

MAPE (%) 5.17 7.12 8.72 9.26
Flying drone MAE 5.93 6.86 8.99 9.18

MAPE (%) 6.72 7.37 10.04 10.07

higher accuracy for external environments compared with for internal environments.

Fig. 26 provides the ME, SDE, and Bland-Altman analysis between BP measured by a cuff-based device and the FBP estimated using
the PWV/PTT based method (Fig. 26(a)) and only PTT based method (Fig. 26(b)) for all subjects in external environments. Fig. 26(a)
plot indicates the approximation of the proposed PWV/PTT based method to the reference BP measured by the cuff-based device.

5. Discussion

PWV and PTT have been reported to be closely related to cardiovascular health, including BP (systolic/diastolic BP, and mean
arterial pressure), based on numerous studies conducted in the medical/biomedical engineering fields. In previous PPG-based BP
estimation studies, PWV estimated using two PPG devices was found to have higher correlation with blood pressure than PTT [37].
However, in existing non-contact skin imaging-based BP estimation methods, PTT was used to estimate BP as there were limitations in
calculating the difference in distance from the heart to the two points even if different two regions of interest (ROIs), such as palm and
face, were captured by the camera, as sFinallyhown in Fig. 14. In addition, in previous studies, the color signal extracted from the ROI
was unstable due to shaking or frequent coordinate changes in face detection, which could cause errors when estimating PTT using the
color signal.

In this study, ROIs were selected based on the area where arterial blood flows in facial images, and MAF was applied to address the

16



J.-s. Park and K.-s. Hong Heliyon 10 (2024) 26007

PWV/PTT-based PTT-based

20 20 - . : ,
5 +1.96SD: 13.8343 5 +1.96SD: 14.1516
£ :
E 10 © E 10 e ,QSP: 13,6751
= - : o
i K3 B % Mean’ 0.431
d) 0 2 [@) > o > C T A C
 "[Meanzi8475 o e ° Meanggoozm 2o
o o o o o A g
I I, R AR Y
© O, >y 8 Y0% ] - 30 8o
§ =10 ki -1.96SD:12.7682 § =10 g & -1.96SD:%213.6751
* -1.96SD: -13.8343 © * -1.96SD: -14.1516

-20 : ' 20 — ' : ‘ ‘ :

60 80 100 120 140 160 180 60 80 100 120 140 160 180
Mean BP of Face & BP meter (mmHg) Mean BP of Face & BP meter (mmHg)

(@) (b)

Fig. 26. (a) and (b) Bland-Altman plot BP. (a) from PWV/PTT. (b) from only PTT on external dataset.

aforementioned issues. While there are various methods, such as wavelet filtering, to remove high-frequency components other than
MAF, considering them, our approach is likely to be further improved in the future. However, since the smart device environment is
lighter than the PC environment, MAF was applied considering that the wavelet filtering method, which requires more computational
resources than MAF, could reduce face detection rate during continuous calculation of facial detection and skin color data. And, PTT
and PWV were estimated using the pulse signals generated from roi; and roi; and the actual distance between pixels from roi; and roi,,
and high performance was achieved when measuring blood pressure using the estimated feature values.

We observed the possible limitations of our method during the experiment. Our approach calculates the PTT from the pulse signal
in the ROIs of the facial artery. However, changes in facial angle and long-distance facial videos decrease the accuracy of blood
pressure (BP) measurement. Moreover, if we consider the possible limitations by addressing the issues, there is a high possibility of
improving our approach in the future. Our research methodology focused on estimating blood pressure (BP) using PTT, PWV, and
mean arterial pressure (MAP) estimated from facial videos, with consideration for minimal frame down using the camera of a smart
device that can be used in various environments. Therefore, we did not include the part that addresses the jitter problem between video
frames. However, we will conduct extensive experiments considering various problems that may arise from video images in our future
approach, such as jitter.

6. Conclusions

In this study, we proposed a robust method for measuring systolic/diastolic BP in diverse environments using facial videos. The
proposed method employed the ROI stabilization method and PWV calculation, which enabled high-performance BP measurement
even in an external environment. Furthermore, the weighted average method, which considered the amount of illumination on both
cheeks, was applied to further improve the BP measurement performance. The method can be used to measure BP anytime/anywhere
using a smart device camera, and continuous BP monitoring is possible without physical contact with the device. In future studies, a
lightweight deep learning-based model that can be mounted on a smart device will be generated and compared with the proposed
method, and bio-signal analysis related to body temperature, stress, and depression disorder will be performed, in addition to BP.
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