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Abstract: Since the outbreak of COVID-19, as of January 2023, there have been over 670 million cases
and more than 6.8 million deaths worldwide. Infections can cause inflammation in the lungs and
decrease blood oxygen levels, which can lead to breathing difficulties and endanger life. As the
situation continues to escalate, non-contact machines are used to assist patients at home to monitor
their blood oxygen levels without encountering others. This paper uses a general network camera
to capture the forehead area of a person’s face, using the RPPG (remote photoplethysmography)
principle. Then, image signal processing of red and blue light waves is carried out. By utilizing the
principle of light reflection, the standard deviation and mean are calculated, and the blood oxygen
saturation is computed. Finally, the effect of illuminance on the experimental values is discussed.
The experimental results of this paper were compared with a blood oxygen meter certified by the
Ministry of Health and Welfare in Taiwan, and the experimental results had only a maximum error
of 2%, which is better than the 3% to 5% error rates in other studies The measurement time was
only 30 s, which is better than the one minute reported using similar equipment in other studies.
Therefore, this paper not only saves equipment expenses but also provides convenience and safety
for those who need to monitor their blood oxygen levels at home. Future applications can combine
the SpO2 detection software with camera-equipped devices such as smartphones and laptops. The
public can detect SpO2 on their own mobile devices, providing a convenient and effective tool for
personal health management.

Keywords: facial recognition; non-contact detection; blood oxygen saturation

1. Introduction

The currently available blood oxygen monitors are all contact based, with high equip-
ment prices. Further, they require power, are inconvenient to carry, and often cause
discomfort when in contact with the skin. This paper uses facial detection to determine
SpO2, which has the advantages of being non-contact, fast, and highly accurate, allowing
COVID-19 patients to monitor their own physical condition at any time and improve their
health management.

This paper utilizes a simple type of network camera to capture a person’s area of
interest and conduct photoplethysmography (PPG) calculations on the forehead features
using the camera to obtain values for the R and B channels of the photoplethysmogram.
After obtaining the values, the paper performs blood oxygen calculations and measures the
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light intensity, taking into account the effect of the strength of light and the brightness of
the background on the experimental results.

1.1. Literature Review

References [1-4] use Raspberry Pi kits to capture and process facial images at a
relatively low cost compared to other software and hardware devices in terms of RAM,
processor capacity, and storage space. The Eulerian Video Magnification (EVM) algorithm
is used to observe changes in skin color, which can detect time changes in images that are
imperceptible to the naked eye. This method magnifies the captured image and performs
spatial filtering on each frame of the image, and then amplifies the frequency band through
temporal bandpass filtering before synthesizing the magnified image to observe the blood
flow on the face. The blood oxygen formula is determined by linear regression using the
research results of volunteers. The paper includes two calibration images and two detection
images with a 5 min interval and an error rate of approximately 2% to 3%, which is more
time-consuming than other methods but has similar accuracy.

References [5-8] use two types of charge-coupled devices (CCD) with narrowband
filters of 520 nm (green light wavelength) and 660 nm (red light wavelength) to effectively
resist interference from other wavelength bands of ambient light. They compare the
wavelengths of 520 nm and 660 nm in the formula and record the test subject’s face at a
speed of 25 frames per second using the recorded image as input. They also use a blood
volume pulse (BVP) sensor on the finger to measure the relevant values. Although CCD
can effectively resist other wavelength bands and can add passive components to address
insufficient light sources, its price is much higher than that of general network cameras,
not to mention the additional cost of adding other narrowband filters. This is a significant
financial burden for hospitals or other long-term care facilities.

References [9-12] convert the RGB color space to the YCgCr color space. Y represents
the luminance component, while Cg and Cr represent the chroma components for green
and red, respectively. In order to capture relevant signals, a bandpass filter is applied
to filter out relevant signals, followed by extracting the peaks and troughs of the Cr and
Cg waves. By comparing the waveforms, the RCgCr is obtained, as shown in Figure 1.
Subsequently, the obtained RCgCr value is calibrated using a linear regression between
the RCgCr value and the reference SPO2 level. This document also compares YCgCr with
YCbCr in the optical band, and the computational results show that YCgCr has a lower
root-mean-square error by approximately 1 compared to YCbCer.

The experimental distance for this paper is 60 cm, and any distance exceeding this
range may affect the experimental results. Due to the influence of light on the experimental
results, the paper was conducted only under the illumination of 300-650 lux. During the
experiment, it is important to avoid body movement to prevent excessive errors in the
experimental data.

1.2. Standards for Blood Oxygen Saturation

Blood oxygen saturation is a fundamental element in the management and under-
standing of patient care. Oxygen is tightly regulated in the body, as hypoxemia can cause
many acute adverse effects on individual organ systems. These include the brain, heart,
and kidneys. Measurement of blood oxygen saturation compares the current amount of
hemoglobin that is bound to oxygen versus that which is unbound. At the molecular level,
hemoglobin is composed of four globular protein subunits, each of which is associated with
a heme group. Each hemoglobin molecule subsequently has four heme binding sites that
can bind oxygen molecules at any time. Therefore, in the process of transporting oxygen
in the blood, hemoglobin is able to carry up to four oxygen molecules. Due to the critical
nature of oxygen consumption in body tissues, it is essential to monitor the current blood
oxygen saturation level [13].



Bioengineering 2023, 10, 524 3of 15

(a) rPPG signal (R, G, B) (b) YCgCr signal (c) Bandpass filtering
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Figure 1. YCgCr waveform display. Process of extracting Recr value from rPPG signal (a) R, G, B
signals extracted from face ROL The red line is the R raw signal, the green line is the G raw signal,
and the blue line is B raw signal. (b) R, G, B signals are converted into YCgCr color space. The yellow
line is the Y signal, the pink line is the Cr signal, and the light blue line is the Cg signal. (c) Result
of bandpass filtering on Cg and Cr signals. The pink line is the filtered Cr signal, the light blue line
is the filtered Cg signal. (d) The result of is, the log value of the peak/valley extracted from the Cg
and Cr signals to which bandpass filtering is applied, respectively. The pink line is the calculated Cr
signal, the light blue line is the calculated Cg signal. (e) The result is, Cr ratio/Cg ratio.

Blood oxygen machines are used for mild COVID-19 patients who are quarantined
at home or in isolation centers, as well as for asymptomatic individuals who are being
monitored due to their exposure history. Some patients experience a rapid decrease in
blood oxygen saturation, and signs of hypoxia may not be obvious, making a blood oxygen
machine a useful tool in these situations. The New York State Department of Health
recommends measuring blood oxygen saturation three times a day [14], as shown in
Table 1. If the SpO2 measurement is equal to or greater than 95% each time, the blood
oxygen concentration is considered normal. If the measurement falls between 91% and
94%, the individual should monitor their condition. If the SpO2 measurement is less than
90%, medical attention should be sought.

Table 1. Standard for blood oxygen saturation.

Blood Oxygen Saturation (SpO2) Executive Actions
>95% Normal blood oxygen saturation
91-94% Please be aware of the blood oxygen levels in this range

and consider going to the hospital for a check-up.

If blood oxygen saturation is too low, immediate

<90% e
emergency treatment or hospitalization is necessary.

Source: Health unit of the government of New York State in the United States [15].

If the blood oxygen saturation is 94% or if it drops rapidly by more than 3% from the
normal value, it means that there is something abnormal in some parts of the body. Usually,
symptoms that can cause low blood oxygen include obstruction of the respiratory tract by
a foreign object, cardiovascular disease, respiratory disease, surgical trauma, etc. When
low blood oxygen occurs, the body may feel fatigued, have difficulty breathing, dizziness,
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weakness, rapid heartbeat, and inability to concentrate. In severe cases, it may lead to death.
If the blood oxygen saturation is insufficient for a long time, it can cause rapid degradation
of organ function, such as the brain, heart, and kidneys. Therefore, for bedridden patients
or those with chronic diseases, checking blood oxygen saturation is an important indicator
to observe the vital signs.

2. Research Method
2.1. Face Detection Technology

With the advancement of technology, artificial intelligence (Al) has become increas-
ingly popular in daily life. Al technology allows machines to perform human actions, such
as facial recognition and face detection. These technologies not only improve people’s
quality of life, but also increase their work efficiency. For example, inexpensive cameras can
be used to create a monitoring system or even as a door lock. Most commercially available
cameras come with object detection, including mask detection, face detection, and other
related functions. These features can capture image characteristics to let us know when a
person appears without having to monitor the image constantly. Face detection is a type of
object detection that focuses only on detecting faces, usually using rectangular frames to
indicate the position of the face or even more detailed features such as the eyes, forehead,
and mouth. Commonly used face feature detection technologies include region of interest
(ROI), Dlib facial landmarks, Haar features, and local binary patterns (LBP).

2.2. Region of Interest (ROI)

A region of interest (ROI) refers to the area of an image that is extracted for processing
using irregular polygons, ellipses, circles, rectangles, etc. Various operators and functions
can be used to determine the ROI and process the subsequent image. ROIs are widely
used in image segmentation, facial recognition, heat maps, and other fields, as shown in
Figure 2. If we want to detect eyes in an image, we must first perform face detection on
the entire image. When extracting the face image, only the facial area is selected, and the
position of the eyes is searched for, rather than capturing the entire image. This approach
improves accuracy and efficiency, and in general, ROI regions can be directly detected
using pixel matrices.

Face
£ i
Extract
the
Input image SCreen
i

Figure 2. ROl image extraction.
The reverse propagation of regular ROIs [16] is shown in Equation (1):

) L. <, 0
ai —Y Y= z*(m)]ayfj 1)

N

L is the output layer, x; represents the pixel point of the feature map before pooling, y,;
represents the j-th point of the r-th region after pooling, and i* (7, j) represents the coordinate
of the highest pixel value selected during max pooling. According to Equation (1), only
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when a pixel value after pooling corresponds to the value of the current x; will the gradient
be returned to x;.

2.3. DIib Facial Landmark Points

The histograms of oriented gradients (HOG) + linear support vector machine (SVM)
algorithm in Dlib [17-19] can quickly recognize frontal faces. HOG feature extraction
technique accumulates gradient orientations in each block to form the feature of that block.
SVM is used to find a hyperplane that separates different classes of data.

The process of HOG feature extraction is shown in Figure 3 [17].

Input image

~¢— Detection window

Normalise gamma & colour

Compute gradients

Cell —»

Accumulate weighted votes
for gradient orientation over
spatial cells

Block ———»

Normalise contrast within
Overlap overlapping blocks of cells

of Blocks

Feature vector, /= Collect HOGs for all blocks
[ cany meey ey ] over detection window

Figure 3. HOG calculation flowchart [20].

Image preprocessing involves first extracting the HOG feature extraction screen from
the original image, with a size of 64 x 128 for best results, as suggested in reference [21,22].
To avoid color distortion when the image is reduced in size, gamma correction is applied.
Calculating the gradients on the image can highlight the edges and contours, while smooth-
ing areas without contour information can be eliminated through gradient calculation.
Since the gradient values in smooth areas are generally small, they do not have much
impact on the subsequent calculations.

Figure 4 shows the X-axis gradient on the left and the Y-axis gradient on the right,
which are used to calculate the image gradient. The gradient is obtained by combining the
magnitude and direction of the image. Firstly, the X-axis gradient Gx and Y-axis gradient
Gy are calculated for each pixel using Formula (2) and Formula (3), respectively.

Gx(r,c) =I(r,c+ 1) — I(r,c—1) 2)

Gy(rc) =Ir—1,c) — I(r + 1,0) 3)
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r and ¢, respectively, refer to row and column, and I is the image.

Figure 4. Gradient calculation [23].

After calculating Gx and Gy the magnitude and orientation of the gradient for each
pixel are computed using Equations (4) and (5).

Magnitude(n) = 1/Gx* + Gy? 4)

Angel(0) =

-1,Gy
tan () ®

In RGB images, the gradient with the highest intensity is selected as the main image,
and its direction is calculated based on the gradient intensity of the maximum channel.
After calculating the gradient, the expected features are extracted using blocks for anal-
ysis. This approach not only avoids the influence of single pixel values but also reduces
noise interference.

The gradient angles are composed of nine feature vectors, including 0, 20, 40, 60, 80,
100, 120, 140, and 160 degrees. Since the intensity of 181 to 360 degrees is the same as that
of 0 to 180 degrees, only the direction differs. Each pixel’s gradient intensity is placed in a
specific gradient direction, as shown in Figure 5 [23-25]. After calculating each unit, the
gradient intensities of each direction are summed up.

3650649073 3"@3422
37

9 9 179 78 27 169 166 N 1p13 7 9 3 4

7
87 136 173 39 102 163 152 176 ",?4' 23 27 22 17 4 6

7
76 13 1 168 159 22 125 143 Z) 99 165135 85 32 26 2

120 70 14 150 145 144 145 143 P /{ 91 155 133 136 144 152 57 28
VAR -
58 86 119 98 100 101 133 113 s o | |98 196 76 38 26 60 170 51
»
30 65 157 75 78 165145124 | ~ » I, 165 60 60 27 77 85 43 136|
S
11 170 91 4 110 17 133,”6 7, ! 71 13 34 23 108 27 48 110|
- ~ — - / S— J
Gradient Direction” / Gradient Magnitude
’ 4 ]
7 7
’ 7’ I
o~ 7
i 1 4
2 2 2
0 20 40 60 80 100 120 140 160

Histogram of Gradients

Figure 5. Gradient histogram.
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Due to the influence of image brightness, gradient calculation is susceptible to changes
in light and shadow, with greater intensity for brighter images and lesser intensity for darker
images. Therefore, normalization is necessary to reduce the effect of image brightness. The
normalization is performed by dividing the image into blocks of 4 cells, and each block is
normalized instead of individual cells. This results in a 36 x 1 feature vector for each block,
and after computing the feature vectors for all blocks, they are combined to represent the
entire image.

Using the feature vector generated by HOG and training it with SVM can result
in a model that correctly distinguishes between humans or objects. The Dlib model is
a landmark facial detector generated based on the above method, used to estimate the
positions of 68 coordinates (x, y) that map facial points on a human face. These points are
distributed as follows: chin (0-7), eyebrows (18-27), nose (28-36), eyes (37-48), and mouth
(49-68). In order to improve accuracy in facial recognition, 13 additional points were added
on the forehead (69-81) [26-28].

2.4. SpO2 Measurement Method
The calculation of blood oxygen saturation measurement [5] is shown in Equation (6):

HbO,

SPO2 = o, + Hi

% 100% (6)
SpO2 stands for oxygen saturation, which refers to the strength of oxygen in the blood.
HbO?2 is oxygenated hemoglobin, while Hb is deoxygenated hemoglobin. According to the
Beer-Lambert law and the theory of light reflection, pulse oximeters commonly sold on the
market use light waves with wavelengths of 660 nm and 940 nm to measure SpO2. The
maximum variation in transmission intensity caused by the artery is determined by the
most transmissive/reflected intensities of the two light waves (I~ and Ip-2) and the
maximum variable transmission intensity caused by the artery (I 411 and I 412) is shown
in Equation (7) [5].

IACM /IDC/\l

SpO2 = A +B=AxR+B @)

IAC}\Z / IDC}‘Z

The A and B are empirical coefficients determined by calibration accuracy, while R is the
measured value. Generally, dual-wavelength pulse oximeters follow two principles, and
the related values are shown in Figure 6 [5]:

o  The difference in absorption coefficient between HbO2 and Hb is larger at the same wavelength.
e  The absorption coefficients of HbO2 and Hb are similar.

10° . v v . v r . v

'\JJ(Dnm —— =  Hb(l mm) 3
2 / = HbO2 (1 mm)
107} 520nm B
| I\J 660nm
5 10" N \ 805nm E
B 940nm
e.
g o e '
=) 10 3 P j
< /’).c-i:“{
Sy
10" ¢ 1
10

200 300 400 500 600 700 800 900 1000 1100
Wavelength/nm

Figure 6. The absorption spectrum of HbO2 and Hb.
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As shown in the above figure, 440 nm, 520 nm, 805 nm, and 940 nm can all be used
in combination with 660 nm for dual-wavelength calculations. Depending on the selected
wavelengths, the correlation coefficients in the formula will also change.

3. Methodology
3.1. System Architecture

Figure 7 shows the system architecture of this paper, and Figure 8 shows the system
block diagram. In order to assist patients in monitoring their blood oxygen levels at any
time without the need to purchase expensive oximeters, this paper employs a common web
camera for measurement. A university staff member was used as the test subject. First, the
test subject underwent blood oxygen measurement using a Taiwan FDA-certified oximeter.
During this process, the system also performed face detection. After the test subject’s face
was detected by the web camera, the red and blue light wave values on their forehead
were captured within the region of interest. The required band was then extracted using a
bandpass filter. The extracted light waves were used for calculations. To verify accuracy,
the results were compared with the measurements from the oximeter.

—O0

SpO2 measurement Test data
Compare
data
Test person ‘ a E
Capture facial SpO2

) Experiment data
features calculation

Figure 7. Architecture diagram of SpO2 measurement system.

Red and
Start | D-Lib Face ROL — edan —5| Band pass

Detection blue light filter
wave

y

Calculate the mean
End — Calculate | gum

Sp02 and standard

deviation of red
and blue light

waves

Figure 8. Block diagram of SpO2 measurement system.
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3.2. Experimental Procedure

Figure 9 shows the flowchart of the non-contact blood oxygen measurement process

in this paper. The non-contact blood oxygen measurement in this system can be divided
into the following five steps:

1.

2.

Use the faculty and students at a university as the subjects of this paper to measure
the blood oxygen values of different age groups and genders.

The tester uses a network camera to capture facial features and selects the forehead
area of interest for subsequent calculations.

Blood oxygen measurement requires comparison of two types of light waves. In
this paper, red and blue light waves in the RGB three-color light wave are used
for comparison.

The extracted red and blue light waves are passed through a bandpass filter to
eliminate waveform noise.

The standard deviation and mean of the red and blue light waves after the bandpass fil-
ter are calculated, and the blood oxygen value is calculated through the blood oxygen
formula. Finally, other factors that may cause experimental errors are discussed.

Input Image

Preprocess image

D-Lib face tracking Band pass filter

SpO2 Cakulate

Calculate the mean and standard

deviation of red and blue light

RGB extracts R, B light waves Calculate SpO2 data

End

Figure 9. Non-contact SpO2 measurement flow chart.

3.3. Red and Blue Light Wave Extraction

In this paper, blood oxygen calculation is performed on the forehead portion of the

human face, and in order to calculate blood oxygen values, two color segments need to
be extracted. This paper selected blue light with a similar absorption coefficient and red
light with a large difference in absorption coefficient. To speed up the calculation, the red
and blue light waves were extracted from RGB, as shown in Figures 10 and 11, respectively.
The X-axis in the figures represents the number of data, with the unit being “samples”, and
the Y-axis representing the values of the red and blue light waves, with the unit being bits

per pixel (bpp).
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Figure 10. Red light wave.
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data

Figure 11. Blue light wave.

3.4. The Mean and Standard Deviation of Red and Blue Light Waves

The calculation of blood oxygen values in this paper is based on the red and blue light
waves after bandpass filtering. A total of 100 data points were used to calculate the mean
value, and the standard deviation was calculated using Equation (8):

1

N L%’ (®)

™=z

o =
1

When the mean (DC) and standard deviation (AC) of the red-blue light waves are
calculated, the standard deviation of the red and blue light waves needs to be divided by
the mean. Then, the correlation coefficient R of blood oxygen is obtained by dividing the
red light by the blue light, as shown in Equation (9).

ACRed/DcRed
R=——7 — 9)
AcBlue/DCBlue

The blood oxygen formula used in this paper is shown in Equation (10):
SpOy = A — B*xR (10)

In reference [5], red and green light waves were used for the paper. The empirical
coefficients A and B were extracted by conducting multiple breath-holding contrast tests
on multiple volunteer subjects under the same environmental temperature and lighting
conditions. Thirty sets of data obtained from 30 different volunteers were used to calibrate
the empirical coefficients A and B. In this paper, red and blue light waves were used



Bioengineering 2023, 10, 524

11 of 15

for testing, and the blood oxygen calculation was obtained by adjusting the empirical
coefficient B through testing on 10 subjects, as shown in Equation (11).

SpO, = 125 — 28 % R (11)

4. Results
Experimental Results

This paper measured the results of 30 subjects. While the testers conducted non-
contact blood oxygen measurements, the blood oxygen machine was also used to measure
the values, and the two measurement values were compared to investigate various factors
that could cause errors in the experimental results. The tester needed to extract the RPPG
signal reflected from the forehead’s light. In order to make the experimental results more
accurate, the paper environment was set to a lighting intensity of 500 to 650 and a testing
distance of 65 cm.

The performance indicator for this experiment is the mean absolute error (MAE),
as shown in Equation (12), where y; is the actual output value of the i-th sample, ;
is the machine-measured output value of the i-th sample, and # is the total number of
predicted samples.

1 n
MAE = — ) [yi =i (12)
i=1

Through the blood oxygen measurements of the same testers every three days, the
data expansion effect was achieved, and the experimental values are shown in Table 2.

Table 2. Daily observations.

Tester 1 2 3 4 5 6
Experimental data 96 96 97 97 98 97

Day 1
SpO2 device data 96 96 97 97 98 97
Experimental data 96 97 97 97 97 97

Day 2
SpO2 device data 97 97 96 97 98 99
Experimental data 96 97 96 96 97 97

Day 3
SpO2 device data 97 97 95 96 97 98
Experimental data 96 97 97 97 97 96

Day 4
SpO2 device data 96 97 96 96 97 97
Experimental data 96 98 96 96 97 97

Day 5
SpO2 device data 96 97 96 96 98 98

After measuring 30 subjects and expanding the data with an additional 30 experimental
data points, the experimental values were plotted as a line graph against the machine-
measured values of the blood oxygen machine, as shown in Table 2. The orange line
represents the experiment data, and the blue line represents the device data. The X-axis
represents the number of testers, and the Y-axis represents the values of blood oxygen
saturation, as shown in Figure 12. From these 60 test data points, the mean absolute error
(MAE) of this paper was found to be 0.62%.
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Figure 12. Blood oxygen data line chart.

5. Discussion

This paper extracted the RPPG signal reflected from the forehead’s light, and therefore,
there are many external factors that can affect the research values. These factors were
investigated and discussed.

5.1. Light Intensity

As this paper’s experimental method is based on the principle of light reflection, the
strength of the light indirectly affects the experiment’s values. Therefore, three different
light intensity environments were tested to investigate their effects. With the experimental
distance fixed at 60 cm, the first environment tested had a normal light intensity of 550 lux,
followed by 220 lux and gradually dimming the light until it reached 100 lux. It was found
that the accuracy was higher under the 550 lux light intensity.

5.2. Experimental Distance

In terms of the experimental distance, if the forehead area for signal extraction is
too far from the camera, the captured area will be smaller, and this will cause errors in
the reflected light values. In this paper, the light intensity was fixed at 550 lux, and the
experimental results were tested at distances of 30 cm, 60 cm, and 90 cm. The experimental
results showed that the detection accuracy was higher at a distance of 60 cm.

5.3. Skin Color

This paper investigated the impact of skin color on the RPPG signal. The experiments
were conducted under a fixed illumination of 550 lux and a testing distance of 60 cm. The
results showed that there was no difference in accuracy between individuals with yellow
and black skin, at a similar age.

5.4. Comparison with Related Literature

In [16], the same red-blue channel was used for calculating blood oxygen saturation
as in this paper, but the formula for blood oxygen calculation was different, as shown in
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Equation (13), where the blood oxygen-related measurement value R is the same as in
Equation (7).
SpO2 = 97.61 + 0.42 x R (13)

Due to the coefficient problem in the formula, the calculation result of blood oxygen
saturation will always be higher than 97. If a patient with a blood oxygen saturation below
97 appears, it will cause errors in the experiment. The average error of the experiment is
1.4. Therefore, compared with previous studies, this paper is more accurate. Table 3 is the
comparison table between this paper and reference [29].

Table 3. SpO2 experiment comparison table.

SpO2 Device Data Bhattacharjee [29] This Research
99 98 97
97 98 97
Experimental data % i o4
98 98 98
97 98 98
96 97 96
Mean absolute error 1.4% 0.62%

In Reference [30], red and green light waves were used for dual-wavelength calculation
of blood oxygen saturation. The extracted red and green light waves were processed
through independent component analysis (ICA) to capture clear low-frequency and high-
frequency ranges. According to their experimental results, the average error was 3.02%. In
terms of image processing, under similar hardware devices, Reference [30] took a total of
105 s for blood oxygen saturation calculation, while in this paper, it only took 30 s. Table 4
is presented below for comparison.

Table 4. Time comparison table for SpO2 detection.

Al-Naji [30] This Research
Light wave use Red, Green Red, Blue
Language use Matlab Python
Average error 3.02% 0.62%
Measure time 105 Sec. 30 Sec.

6. Conclusions

This paper implemented a low-cost system for non-contact blood oxygen saturation
measurement using a commercially available webcam to detect facial features and measure
physiological parameters. This system assists users in measuring their blood oxygen
saturation in real-time, saving the cost of purchasing a blood oxygen testing machine and
providing convenience to the user.

To prove the accuracy of this system, the research methodology and system design
were tested at distances of 30 cm, 50 cm, 125 cm, and 190 cm, and under different lighting
conditions such as light levels below 250 lumens, between 250 and 650 lumens, and above
650 lumens. To supplement the limited experimental data, this paper used the daily
blood oxygen values of six test subjects for data expansion. The results of this experiment
confirmed that the values in the region of interest on the forehead, after signal processing
and blood oxygen calculation formula, had an average absolute error of 0.62%.

Compared to Bhattacharjee’s research, which cannot measure blood oxygen values
below 97%, and has an experimental error of 1.4%, this paper’s blood oxygen calculation
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formula and error are more accurate. Compared to Al-Naji’s research, which has an average
absolute error of 3.02%, this paper took only 30 s to measure blood oxygen saturation values,
which is faster and has better accuracy.

With the popularization of smart devices, the algorithm can be written as an app
or API and installed on devices with cameras, such as smartphones, tablets, or laptops,
allowing people to monitor their physical condition at any time. However, since it has not
yet been approved by the FDA for use in real clinical situations, it cannot be applied in
medical institutions. Nonetheless, it can be applied in home care, community care, remote
health care and other fields, and can also improve the quality of care for COVID-19 patients
and reduce the burden on health care.

Author Contributions: Conceptualization, ].-C.C.; validation, W.-C.H.; resources, Y.-L.L.; data cura-
tion, W.-H.L.; writing—original draft preparation, T.-S5.P; supervision, T.-].S.; project administration,
S.-M.W. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Rosa, A.EG; Betini, R.C. Noncontact SpO2 Measurement Using Eulerian Video Magnification. IEEE Trans. Instrum. Meas. 2022,
69, 2120-2130. [CrossRef]

2. Torres, J.C.; Abderrahim, M. Simple measurement of pulse oximetry using a standard color camera. In Proceedings of the 2017
40th International Conference on Telecommunications and Signal Processing (TSP), Barcelona, Spain, 5-7 July 2017; pp. 452-455.

3.  Fan, Q. Li, K. Non-contact remote estimation of cardiovascular parameter. Biomed. Signal Process. Control. 2018, 40, 192-203.
[CrossRef]

4. Tsai, HY,; Huang, K.C.; Chang, H.C,; Yeh, J.L.A.; Chang, C.H. A noncontact skin oxygen-saturation imaging system for measuring
human tissue oxygen saturation. IEEE Trans. Instrum. Meas. 2014, 63, 2620-2631. [CrossRef]

5. Kong, L.; Zhao, Y,; Dong, L.; Jian, Y.; Jin, X; Li, B.; Feng, Y.; Liu, M.; Liu, X.; Wu, H. Non-contact detection of oxygen saturation
based on visible light imaging device using ambient light. Opt. Express 2013, 21, 17464-17471. [CrossRef] [PubMed]

6. Poh, M.Z.; McDuff, D.J.; Picard, R.W. Advancements in noncontact, multiparameter physiological measurements using a webcam.
IEEE Trans. Biomed. Eng. 2011, 58, 7-11. [CrossRef] [PubMed]

7. Scully, C.G.; Lee, J.; Meyer, ].; Gorbach, A.M.; Granquist-Fraser, D.; Mendelson, Y.; Chon, K.H. Physiological parameter monitoring
from optical recordings with a mobile phone. IEEE Trans. Biomed. Eng. 2012, 59, 303-306. [CrossRef] [PubMed]

8. Mogo, A.; Verkruysse, W. Pulse oximetry based on photoplethysmography imaging with red and green light. J. Clin. Monit.
Comput. 2021, 35, 123-133. [CrossRef] [PubMed]

9. Kim, N.H.; Yu, S.G.; Kim, S.E.; Lee, E.C. Non-Contact Oxygen Saturation Measurement Using YCgCr Color Space with an RGB
Camera. Sensors 2021, 21, 6120. [CrossRef] [PubMed]

10. Severinghaus, ].W. Takuo Aoyagi: Discovery of Pulse Oximetry. Anesth. Analg. 2007, 105, S1-54. [CrossRef] [PubMed]

11. Caputo, N.D.; Strayer, R.J.; Levitan, R. Early Self-Proning in Awake, Non-Intubated Patients in the Emergency Department: A
Single ED’s Experience During the COVID-19 Pandemic. Acad. Emerg. Med. 2020, 27, 375-378. [CrossRef] [PubMed]

12.  Tamura, T. Current Progress of Photoplethysmography and SPO2 for Health Monitoring. Biomed. Eng. Lett. 2019, 9, 21-36.
[CrossRef] [PubMed]

13. Hafen, B.B.; Sharma, S. Oxygen Saturation [Updated 23 November 2022]. In StatPearls [Internet]; Treasure Island(FL) St atPearls
Publishing: Tampa, FL, USA, 2022. Available online: https://www.ncbi.nlm.nih.gov/books/NBK525974/ (accessed on 23
April 2023).

14.  Wikipedia. Hemoglobin. Available online: https://en.wikipedia.org/wiki/Hemoglobin (accessed on 23 April 2023).

15.  NYC Health. The NYC Health Department May Change Recommendations as the Situation Evolves COVID-19 Monitor Oxygen
Patient Handout. Available online: https:/ /pse.is/3x7ye6 (accessed on 23 April 2023).

16. Rumelhart, D.; Chauvin, Y. Backpropagation Theory, Architectures and Applications; Psychology Press: London, UK, 1995; pp. 1-34.

17.  Boyko, N.; Basystiuk, O.; Shakhovska, N. Performance Evaluation and Comparison of Software for Face Recognition, Based on
Dlib and Opencv Library. In Proceedings of the 2018 IEEE Second International Conference on Data Stream Mining & Processing
(DSMP), Lviv, Ukraine, 21-25 August 2018; IEEE: New York, NY, USA; pp. 478-482. [CrossRef]

18.  Face Detection Algorithms and Techniques. Available online: https://facedetection.com/algorithms/ (accessed on 23 April 2023).


https://doi.org/10.1109/TIM.2019.2920183
https://doi.org/10.1016/j.bspc.2017.09.022
https://doi.org/10.1109/TIM.2014.2312512
https://doi.org/10.1364/OE.21.017464
https://www.ncbi.nlm.nih.gov/pubmed/23938616
https://doi.org/10.1109/TBME.2010.2086456
https://www.ncbi.nlm.nih.gov/pubmed/20952328
https://doi.org/10.1109/TBME.2011.2163157
https://www.ncbi.nlm.nih.gov/pubmed/21803676
https://doi.org/10.1007/s10877-019-00449-y
https://www.ncbi.nlm.nih.gov/pubmed/31893325
https://doi.org/10.3390/s21186120
https://www.ncbi.nlm.nih.gov/pubmed/34577326
https://doi.org/10.1213/01.ane.0000269514.31660.09
https://www.ncbi.nlm.nih.gov/pubmed/18048890
https://doi.org/10.1111/acem.13994
https://www.ncbi.nlm.nih.gov/pubmed/32320506
https://doi.org/10.1007/s13534-019-00097-w
https://www.ncbi.nlm.nih.gov/pubmed/30956878
https://www.ncbi.nlm.nih.gov/books/NBK525974/
https://en.wikipedia.org/wiki/Hemoglobin
https://pse.is/3x7ye6
https://doi.org/10.1109/DSMP.2018.8478556
https://facedetection.com/algorithms/

Bioengineering 2023, 10, 524 15 of 15

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Rosebrock, A. Facial Landmarks with Dlib, OpenCV, and Python. Available online: https:/ /www.pyimagesearch.com/2017/04/
03/facial-landmarksdlib-opencv-python/ (accessed on 23 April 2023).

Pai, ]. HOG + SVM. Available online: https://medium.com/curiosity-and-exploration/hog-svm-c2fb01304c0 (accessed on 23
April 2023).

Cervantes, J.; Garcia-Lamont, F; Rodriguez-Mazahua, L.; Lopez, A. A comprehensive survey on support vector machine
classification: Applications, challenges and trends. Neurocomputing 2020, 408, 189-215. [CrossRef]

Liang, X.; Lin Zhu, L.; Huang, D.S. Multi-task ranking SVM for image cosegmentation. Neurocomputing 2017, 247, 126-136.
[CrossRef]

Dalal, N.; Triggs, B. Histograms of oriented gradients for human detection. In Proceedings of the IEEE Computer Society
Conference on Computer Vision and Pattern Recognition, San Diego, CA, USA, 20-25 June 2005.

Viola, P; Jones, M.].; Snow, D. Detecting pedestrians using patterns of motion and appearance. In Proceedings of the Ninth
IEEE International Conference on Computer Vision, Nice, France, 13-16 October 2003; IEEE: New York, NY, USA, 2003; Volume 1,
pp. 734-741.

Ke, Y.; Sukthankar, R. PCA-SIFT: A more distinctive representation for local image descriptors. In Proceedings of the 2004 IEEE
Computer Society Conference on Computer Vision and Pattern Recognition, 2004, Washington, DC, USA, 27 June-2 July 2004; IEEE: New
York, NY, USA, 2004; pp. 66-75.

Mehta, A.; Mahmoud, T. Human Face Shape Classification with Machine Learning. 2022. Available online: https:
/ /www.researchgate.net/publication/362903132_Human_Face_Shape_Classification_with_Machine_Learning (accessed
on 23 April 2023).

Bansode, N.; Sinha, P. Face shape classification based on region similarity, correlation and fractal dimensions. Int. . Comput. Sci.
Issues IJCSI 2016, 13, 24.

King, D.E. Dlib-ml: A machine learning toolkit. J. Mach. Learn. Res. 2009, 10, 1755-1758.

Bhattacharjee, A.; Yusuf, S.U. A Facial Video based Framework to Estimate Physiological Parameters using Remote Photo-
plethysmography. In Proceedings of the International Conference on Advances in Electrical, Computing, Communication and
Sustainable Technologies (ICAECT), Bhilai, India, 19-20 February 2021.

Al-Naji, A.; Khalid, G.A.; Mahdji, J.E; Chahl, J. Non-Contact SpO2 Prediction System Based on a Digital Camera. Appl. Sci. 2021,
11, 4255. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://www.pyimagesearch.com/2017/04/03/facial-landmarksdlib-opencv-python/
https://www.pyimagesearch.com/2017/04/03/facial-landmarksdlib-opencv-python/
https://medium.com/curiosity-and-exploration/hog-svm-c2fb01304c0
https://doi.org/10.1016/j.neucom.2019.10.118
https://doi.org/10.1016/j.neucom.2017.03.060
https://www.researchgate.net/publication/362903132_Human_Face_Shape_Classification_with_Machine_Learning
https://www.researchgate.net/publication/362903132_Human_Face_Shape_Classification_with_Machine_Learning
https://doi.org/10.3390/app11094255

	Introduction 
	Literature Review 
	Standards for Blood Oxygen Saturation 

	Research Method 
	Face Detection Technology 
	Region of Interest (ROI) 
	Dlib Facial Landmark Points 
	SpO2 Measurement Method 

	Methodology 
	System Architecture 
	Experimental Procedure 
	Red and Blue Light Wave Extraction 
	The Mean and Standard Deviation of Red and Blue Light Waves 

	Results 
	Discussion 
	Light Intensity 
	Experimental Distance 
	Skin Color 
	Comparison with Related Literature 

	Conclusions 
	References

