
IEEE SENSORS JOURNAL, VOL. 23, NO. 15, 1 AUGUST 2023 16993

Calibrating Oxygen Saturation Measurements
for Different Skin Colors Using the Individual
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Abstract—Since the start of the SARS-CoV-2 pandemic,
wearable devices featuring oxygen-saturation measurements
have gradually attracted public attention. The US Food and
Drug Administration (FDA) has, however, raised doubts about
the accuracy of watch-type oximeters (e.g., Apple Watch and
Fitbit Sense) for darker-skinned users. That is, the accuracy
of oxygen-saturation measurements is affected by skin tone.
Accordingly, this article proposes a method of calibrating
the bias of the oxygen-saturation measurement caused by
differences in skin tone. We integrate a color sensor into a
wearable device featuring the function of oxygen-saturation
measurement. We also use the individual typology angle
(ITA) to quantify the user’s skin color and the skin’s ITA
quantization value to calibrate the oxygen saturation value of the pulse oximeter sensor. The oxygen-saturation-
calibration algorithm of the ITA-quantified value is suitable for determining the R-value bias caused by skin color.
Our experimental findings derive from testing the R-values of subjects with different skin colors and simulating and
verifying oxygen saturation ranges from 70% to 100%. The findings suggest that it is possible for the oxygen saturation
bias of darker-skinned subjects to be reduced from an Arms error of 5.44% to an Arms error of 0.82%; that is, using
ITA-quantified value for calibration, the accuracy of oxygen saturation measurements (OSMs) has been significantly
improved. The proposed method enables the oxygen-saturation measurements of dark-skinned subjects to comply with
the FDA guidance and ISO 80601-2-61:2017 standards, meaning that this study’s method can effectively improve the
accuracy of the oxygen-saturation measurements of watch-type oximeters.

Index Terms— Color sensor, individual typology angle (ITA), oxygen saturation calibration algorithm, oxygen saturation
measurement (OSM), skin color, watch-type oximeters.

I. INTRODUCTION

THE SARS-COV-2 pandemic has substantially impacted
the medical systems of countless countries. During the

early stages of the pandemic, medical testing resources were
insufficient to conduct large-scale screening effectively, pre-
venting the timely detection of potential infections. In addition
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to employing hospital-based polymerase chain reaction (PCR)
tests to determine whether a person has been infected with
SARS-COV-2, the body’s vital signs can also enable diagnosis.
For example, the pandemic’s early researchers recognized that
core body temperature and oxygen saturation could serve
as a basis for infection diagnosis [1], [2]. The advantage
of using vital signs for diagnosis is that they can enable
quick determination of whether a person has been infected,
following which they can go to the hospital for a PCR or
other medical test, effectively reducing the demand for lim-
ited medical resources. Elsewhere, the pandemic saw oxygen
saturation used as a condition for diagnosis [3], with the
critical parameter defined as an oxygen saturation of 94%
or lower. This enables potential infections to be diagnosed
at an early stage. Accordingly, wearable devices with the
function of measuring oxygen saturation have been widely
used [4]. Monitoring oxygen saturation levels using wear-
able devices can warn users of potential infection, allowing
individuals to know that they are infected and reducing the
risk of sudden disease deterioration due to silent hypoxia [5].
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According to a 2022 study [6], cited by the US Food and
Drug Administration (FDA), current wearable devices with
the function of oxygen saturation measurement (OSM) are,
however, usually worn on the wrist. The skin color of the
wrist affects the accuracy of OSM, risking overestimation of
the OSM of people of color [7], [8], with one study observing
that black patients recorded occult hypoxemia undetected by
pulse oximetry at nearly three times the frequency of white
patients. Furthermore, the issue of OSM bias due to skin color
also exists in infants [9]. Therefore, the FDA doubts the via-
bility of dark-skinned users of watch-type oxygen-saturation
monitoring wearable devices, such as Apple Watch or Fitbit
Sense. This is because skin melanin has a specific absorbance
for the light of a specific wavelength [10], and noninvasive
oxygen-saturation monitoring uses red light and infrared light
to detect the ratio of oxyhemoglobin (HbO2) and hemoglobin
(Hb) in the subject to calculate oxygen saturation. The skin’s
melanin content will affect the absorption of red light [11],
which is the primary factor responsible for the overestimation
of oxygen saturation levels during hypoxia among patients
with high levels of skin melanin [12]. Some studies suggest
that the issue of melanin absorbing red light in the rest state
can be compensated by increasing the light intensity [13], [14].
The measurement error of photoplethysmography (PPG) is,
however, positively correlated with the skin’s melanin lev-
els [15], meaning that skin melanin may still affect the
accuracy of OSM. To resolve the issue of biased OSM due
to the skin color of the user of the OSM-enabled watch-
type device, it is necessary to incorporate a color sensor to
detect the individual’s skin color; however, using skin color
to calibrate OSMs involves two issues. The first is converting
the color values detected by the color sensor into standard skin
color classification and quantization values. We use the skin
color quantization technique known as the individual typology
angle (ITA) method to address this issue. Second, before the
manufacturer puts the wearable device on the market, it is
necessary to perform clinical experiments and calibration of
the pulse oximeter component of the instrument for initial
calibration. The initialized calibration curve may be a linear or
nonlinear function. If the manufacturer’s clinical data derive
from light-skinned patients, the OSM values of dark-skinned
users may be disadvantaged by the oxygen-saturation curve
set before the device leaves the factory; however, requiring
manufacturers to conduct subgroup clinical trials on people
with various skin colors is not economically feasible. There-
fore, we propose a method of premodeling the ITA skin
color quantization function to calibrate the oxygen-saturation
curve. This can allow OSM-enabled watch-type wearables to
calibrate skin color.

II. OUR CONTRIBUTION

This study’s contribution is the design and development of a
watch-type oximeter with skin tone calibration. We propose a
method of calibrating the oximeter’s initial oxygen-saturation
curve function by using the ITA skin color quantization value.
This method can effectively calibrate the oxygen-saturation
curve according to skin color. In practice, using the method
proposed in this article, manufacturers of OSM-enabled

Fig. 1. Watch-type oximeter with the function of skin-color calibration.

Fig. 2. Optical properties of oximeters for skin measurements.

watch-type devices can model the skin color quantization
values of lighter and darker skin for the pulse oximeter
function of their product. This means using our method to
calibrate the initial oxygenation saturation curve such that it
better fits the oxygen saturation value of users with different
skin colors. This can eliminate the cost and time required
associated with conducting subgroup clinical trials for specific
skin-color groups.

III. SYSTEM DESIGN AND DEVELOPMENT

This study required collecting skin-color data from users
with different skin colors and using the sampled data to build
a skin-color-based calibration model. Therefore, we developed
a watch-type wearable device integrating an oxygen-saturation
sensor and a skin-color sensor for data collection and vali-
dation. Fig. 1 shows the design of the wearable device used
in the experiment. Fig. 1(a) is our proposed experimental
device, which is worn on the wrist. Fig. 1(b) is the pulse
oximeter sensor, which integrates infrared and red LEDs and
a photodiode for receiving diffuse light signals to measure the
user’s oxygen saturation. Fig. 1(c) shows the analog-to-digital
converter (ADC), which converts the color into a digital format
by integrating photodiodes and optical filters to measure the
skin surface’s red, green, and blue (RGB) values. This data is
used with the ITA quantization method to identify the user’s
skin color.

Fig. 2 is the measurement method proposed by this study.
When the user wears the device on their wrist, the pulse
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Fig. 3. Flowchart converting RGB to ITA.

oximeter sensor in Fig. 2(a) will alternately excite the infrared
light and the red-light LED to irradiate the blood vessels
beneath the skin tissue of the wrist between the LED and
the photodiode. The shape of the photon’s path resembles the
shape of a banana [16]. Using the integrated ADC to sample
the photodiode’s analog voltage allows for the sampling of
the ac and dc changes generated by the patient’s pulse. The
pulse oximeter sensor used in this study is MAX30101 [17]
(a MAX30101 produced by Maxim Integrated Inc., San Jose,
CA, USA). The housing design of the pulse oximeter sensor
needs to block ambient light, and the structure uses matting
materials to reduce the impact of reflected light. Fig. 2(b) is
the TCS34725 color sensor [18] (a TCS34725 produced by
ams-OSRAM AG., Premstaetten, Austria). The white light
LED is used to irradiate the user’s skin surface. After an
optical filter filters the reflected light signal, the RGB value
of the skin can be measured [19] and converted into an
ITA-derived skin color quantization via an algorithm.

A. Using ITA to Quantize Skin Tone
ITA is a method of classifying Fitzpatrick skin type

(FST) [20] into six groups ranging from very light to dark
skin: very light > 55◦ > light > 41◦ > intermediate > 28◦ >

tan > 10◦ > brown > −30◦ > dark [21], [22]. To quantize the
user’s skin color, we use the ITA quantization value; however,
the data measured by the color sensor is not the ITA value. It is
necessary to convert the data to obtain the ITA value. As Fig. 3
shows, the microprocessor will turn on the white light LED to
illuminate the skin’s surface, and the color sensor can sample
the skin-color information via the reflected light. Next, the

microprocessor runs the skin-color quantization algorithm to
calculate the skin’s ITA value [23].

Before the RGB color space is converted into the XYZ
color space, it is necessary to normalize to the range of 0–1
before performing the matrix operation of (1) [24], where
γ is 2.2 and α is 0.055. According to the chromaticity of
Commission Internationale de L’Eclairage (CIE) standard illu-
minant D65 [25] based on the CIE 1931 XYZ standard, before
the XYZ color space is converted to CIE L∗a∗b∗, it must be
adjusted with a coefficient that is used to calibrate differences
in the human eye’s sensitivity to different colors in daylight
according to specific illuminance and observer parameters. The
observer parameters have been standardized as mathematical
functions known as 2◦ standard observers [26]. The XYZ
calibration value of the 2◦ observer needs to be divided
by three different coefficients: 95.047, 100.0, and 108.883.
Then, XYZ can be converted into CIE L∗a∗b∗ [27], [28] by
calculating (2). Next, we can use the calculation of (3) [29] to
convert the CIE L∗a∗b∗ of the skin color measured by the color
sensor into an ITA quantization value, which allows for the
calibration of the oxygen-saturation curve of darker-skinned
users X
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B. Noninvasive OSM
The principle of noninvasive OSM is based on the

Beer-Lambert law [30]. The different ratios of HbO2 and
Hb in the blood to the absorbance of infrared light and
red light estimate the oxygen saturation level of the subject.
This technology is also called PPG. Because the PPG signal
changes with the blood volume, the dc component of the signal
is contributed by human tissues. In contrast, the ac component
is the periodic change in blood volume caused by systole and
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Fig. 4. Algorithm of feature points for ac and dc dynamic detection.

Algorithm 1 IH and IL Detection Algorithm for PPG Signal
Inputs: PPG{index, value}, and threshold

1: is_IH, is_IL := FALSE
2: if value > IH then
3: IH := PPG{index, value}
4: end if
5: if value < IL then
6: IL := PPG{index, value}
7: end if
8: if is_emission == TRUE and value < IH – threshold

then
9: is_emission := FALSE, is_ IH := TRUE
10: IL := IH
11: result := {is_ IH, IH}
12: end if
13: if is_emission == FALSE and value > IL+ threshold

then
14: is_emission := TRUE, is_ IL:= TRUE
15: IH := IL
16: result := {is_ IL, IL}
17: end if
18: if is_ IH != TRUE and is_ IL != TRUE then
19: result := {-1, the current PPG signal is not a IH or IL}
20: end if

Outputs: result

diastole [31]. In measuring oxygen saturation levels, dynami-
cally detecting the dc and ac components from the PPG signal
is the key to noninvasive OSM. In our previous research [32],
we developed an algorithm that can dynamically detect the
PPG signal’s dynamic dc and ac components. Algorithm 1 is
the pseudocode of the local maximum IH and local minimum
IL used to detect the PPG signal [33]. IH and IL are produced
by the systolic and diastolic phases of the artery [34], and
the ac component can be obtained by subtracting the IH and
IL, while the IL is the dc component [35]. The covariance of
the signal determines the threshold [36], which we calculate
and update every second so that the detection algorithm can
dynamically detect the signal features. As shown in Fig. 4,
this dynamic feature detection algorithm can detect the feature
points of the PPG signal.

Fig. 5. Initial R-value curve.

In this study, we use PPG to measure the dc-to-ac ratios of
users with different skin colors. We assume that at the same
oxygen saturation level, the dc-to-ac ratios in the infrared light
and red light will be different due to differences in skin color.
These differences occur because red light is affected by the
absorption of melanin [37], [38].

C. Calibrated Oxygen Saturation Based on Skin Tone
The pulse oximeter design requires calibrating the

oxygen-saturation curve based on clinical trial results. This
process involves R-value and oxygen saturation level regres-
sion models. The R-value is the ratio of red light and infrared
light calculated using (4) [39], [40], [41], [42]. The wavelength
of the red LED of the pulse oximeter sensor is 660 nm,
and the wavelength of the infrared LED is 940 nm. Fig. 5
shows an R-value curve produced by the regression model of
oxygen saturation (SpO2) and R-value, showing an inverse
correlation. The optical structure of a specific device and
the population of clinical experiments determines the output
of the regression models. Therefore, this regression model
is called the characteristic oxygen-saturation curve or initial
R-value curve. When the user’s skin color differs substantially
from the skin color of the clinical trial population of a
specific device, the regression model will produce different
measurement errors at different oxygen saturation levels

R =
acred/dcred

acinfrared/dcinfrared
. (4)

That is, the initial R-value curve is modeled on data from
clinical experiments, and when the user’s skin color is darker
than the skin color of the trial population, the ITA value can
be used to calibrate based on the initial R-value curve. The
oxygen-saturation curve is impacted by darker skin because
red light is affected by the absorption of melanin, changing
the R-value, meaning we first need to calibrate the R-value.
Equation (5) shows the calibration function is established by
multiple linear regression (MLR) models [43], [44]. MLR
model can consider more parameters to calibrate the R-value.
In this case, it is the ITA quantization value and R-value before
calibration. The calibrated R-value is called c, where β0 is the
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Fig. 6. Device worn on the participant’s wrist.

intercept term, and β1 and β2 are coefficient terms. The result
c obtained from (5) is incorporated into the calculation of
(6). The SpO2 value can be calibrated using the ITA-derived
quantized skin-color value

c = β0 +

(
β1 · ITA

◦

+ β2 · R
)

(5)

SpO2 = a · c + b. (6)

IV. RESULTS

This research involved positioning the device on the wrist
of the participants, as shown in Fig. 6. The holder sup-
ports the wrist of the participants to improve the stability
of data collection. We recruited volunteers from different
subgroups, including ten lighter-skinned participants with ITA
values ranging from 8 to 58 and five darker-skinned par-
ticipants with ITA values ranging from −3 to −56. The
experiment was approved by the Wenzao Ursuline University
of Languages and executed in compliance with the guide-
lines. Dark skin participants in this study are compliant with
the ISO 80601-2-61:2017 guidance guideline for testing the
accuracy of pulse oximeters, which requires at least ten
participants [45]. The participants whose wrist hair density
is nil or sparse are included in this study [46]. As shown
in Fig. 7, we can use the tissue optics properties measured
by lighter-skinned participants to model the initial R-value
curve used as the oxygen-saturation curve by our OSM device.
The tissue optics properties of participants with darker skin
(see Fig. 8) are used to model a characteristic simulation
model of the skin color and oxygen-saturation curve. Because
the melanin of participants with darker skin absorbs red
light differently from that of lighter-skinned participants when
oxygen-saturation curves based on data from lighter-skinned
participants were used to estimate oxygen saturation among
darker-skinned participants, the oxygen saturation value is
overestimated. Therefore, this experiment verifies the extent
to which overestimation of oxygen saturation due to skin
color can be mitigated using the ITA-derived quantized

Fig. 7. Group of initial R-value curve.

Fig. 8. Group of the calibration target.

value for skin color and our proposed MLR method to
calibrate the oxygen-saturation curve. Before this experi-
ment was performed, we used the SkinColorCatch (Delfin
Technologies Ltd., Kuopio, Finland) skin-color meter [47]
to calibrate the ITA measurement value of the color sensor
of our OSM-enabled device. SkinColorCatch could reliably
discriminate between skin erythema and melanin without
any cross-contamination. Its accuracy and reproducibility
for skin-color measurement are used in skin-related clinical
research and pharmaceuticals and medical materials develop-
ment [48], [49], [50]. Furthermore, we used the FDA-approved
Masimo MightySat pulse1 oximeter (Masimo, Irvine, CA,
USA) as a reference pulse oximeter [51].

A. Experiment Result
As Fig. 9 shows, we use data from lighter-skinned par-

ticipants to model the initial R-value curve. This curve is
produced by the regression model described in Section III-C
based on data from the oximeter manufacturers. Usually, the
characteristics of such regression models are determined by

1Registered trademark.



16998 IEEE SENSORS JOURNAL, VOL. 23, NO. 15, 1 AUGUST 2023

Fig. 9. R-value before calibration using the MLR.

Fig. 10. R-value after calibration using the MLR.

the optical structure of a specific device and the popula-
tion of clinical experiments. Fig. 9 reveals that the lower
the oxygen-saturation level of dark-skinned participants, the
bigger the difference between the R-value observed and the
initial R-value curve. Thus, according to the ITA quantization
value, the darker the participant’s skin, the larger the difference
between the R-value and the initial R-value curve. If the
oxygen-saturation curve of the initial R-value curve were
used to estimate the oxygen saturation of dark-skinned partic-
ipants, a diagnosis of occult hypoxemia might be incorrectly
given [52].

Fig. 10 demonstrates the use of data from participants with
an ITA of −53 to model the calibration results of the MLR
model based on ITA. After the MLR calibrates the R-value
of participants with darker skin, the overestimation based on
the initial R-value curve is significantly reduced. After the
MLR model calibrates the R-value, the difference between the
R-value and the initial R-value curve becomes larger only for
the participant with an ITA of −3. Table I presents the accu-
racy of the results according to the root-mean-square (Arms)

difference of dark-skin participants. The Arms calculation is as
in (7) [53], where predicti is the predicted SpO2 of dark skin
participants, referencei is the SpO2 of the initial R-value curve,
and n is the number of samples. According to FDA guidance

TABLE I
ACCURACY ROOT MEANS SQUARE (Arms) OF SpO2 OF

DIFFERENT ITA INDIVIDUALS

and the ISO 80601-2-61:2017 (Annex AA) standard, the
Arms error of reflective oximeter SpO2 requires an acceptable
OSM accuracy below either 3.5% or 4%, depending on the
study [54], [55]. Before using the MLR model to calibrate
the R-value, it is difficult to achieve acceptable accuracy for
the dark-skinned population, especially the participants with an
ITA of −56 and −53. After using the MLR model to calibrate
the R-value with the ITA value, the difference between the
R-value of dark-skinned participants and the initial R-value
curve was significantly reduced, meaning that the Arms error
also reflected an acceptable level of accuracy, becoming larger
for the participant with an ITA value of −3. This means that
the R-value of the participant with an ITA of −3 does not
fit the initial R-value curve produced by the MLR model.
This means that the MLR used for R-value calibration reaches
the effective calibration threshold. According to this study,
ITA values below −26 produced Arms errors of the estimated
oxygen saturation value that were better than before calibration
after using the MLR to calibrate R-values

Arms =

√∑n
i=1 (predicti − referencei )

n
. (7)

Thus, according to our verification, the method proposed
in this study to calibrate the oxygen-saturation curve with the
quantitative value of ITA skin color is effective, especially
for participants with darker skin. If a manufacturer of an
OSM-enabled device wants to add the ability to calibrate
oxygen saturation with skin color to their devices, they only
need to model the initial R-value curve and the MLR based on
the ITA-derived skin-color quantized values. Notably, the col-
lection and modeling of experimental data make OSM-enabled
wearables capable of skin-color calibration, with an important
alternative being where the modeling of the initial R-value
curve is based on the dark-skinned population, which would
require the MLR to use light-skinned population modeling.

V. LIMITATIONS AND FUTURE WORKS

Although this study proposes a watch-type oximeter with
a skin-color calibration function, there remain some issues
worthy of research attention. First, although the method of



GUO et al.: CALIBRATING OSMs FOR DIFFERENT SKIN COLORS USING THE ITA 16999

calibrating oxygen saturation using the ITA value as the
parameter of the MLR is effective, it depends on the param-
eters of the MLR. Because the MLR employed in this study
uses R-value and ITA quantized values as parameters, the
weight of the ITA value is large. If the ITA values of the partic-
ipants are calculated at the time of the collection of the data
used for the MLR, more accurate OSMs may be obtained;
however, if timing differs substantially, significant errors may
occur. Future researchers can introduce more parameters or use
other algorithms to resolve this issue. At present, according to
this article’s results, we recommend that the MLR model be
used for calibration when the ITA quantization value reaches
the effective calibration threshold. Second, further research is
needed on the optical properties of the skin tissue of the dark-
skinned population. This study is based on the notion that red
light is affected by the absorption of melanin, producing biased
R-values, which causes significant errors in oxygen-saturation
estimation. Whether factors other than absorption, such as
reflection and diffusion, can cause R-value errors sufficient to
affect oxygen saturation estimation, however, demands further
investigation. Future researchers could conduct studies with
skin melanin phantoms to explore the extent to which the
optical properties of these tissues affect watch-type oximeters.
Finally, the effect of wrist hair density on the pulse oximeter
sensor’s signal-to-noise ratio (SNR) must also be considered.
In this study, only participants with hair densities of nil and
sparse were recruited; however, some studies show that the
participants with dense hair may not be able to measure
accurately [56], [57], [58], while others study that it will not
be affected [59], [60]. Nevertheless, SNR depends on the hair
density and the LED light intensity of the pulse oximeter
sensor. Therefore, more quantitative studies on the effect of
hair are still needed.

VI. CONCLUSION

This study has proposed a watch-type oximeter with skin-
color calibration capabilities. We have used this device to
conduct experiments on people with lighter and darker skin.
We have modeled the characteristic oxygen-saturation curve
based on the optical tissue characteristics of a light-skinned
population. Using an MLR with ITA quantization values as
a parameter, the R-value of participants with darker skin has
been calibrated based on the characteristic oxygen-saturation
curve. According to the results, the calibrated OSM values
of the dark-skinned population produce Arms error values that
meet the FDA guidance and the ISO 80601-2-61:2017 criteria.
Therefore, the method we propose for calibrating oxygen
saturation by quantizing skin color is feasible. In the future,
watch-type oximeter manufacturers should consider using our
method to reduce errors in the estimation of OSM for different
populations. When watch-type oximeter manufacturers inte-
grate the skin color and SpO2 calibration technology proposed
in this study, they only need to establish a calibration function
for the bias caused by skin color on the oximeter SpO2
curve of the original product. We show a calibration function
modeled with skin color as a calibration parameter, allowing
oximeter manufacturers not to reconduct clinical trials on the
original product’s SpO2 curve modeling work. It only needs to

establish the skin color and SpO2 calibration function for the
skin color of the target group. Therefore, this study reduces the
consumption of clinical resources and boosts the measurement
performance of watch-type oximeter manufacturers for watch-
type oximeter.

ACKNOWLEDGMENT

Author Contributions: Cheng-Yan Guo, Wen-Yao Huang,
Hao-Ching Chang, and Tung-Li Hsieh conceived of the idea
presented; Cheng-Yan Guo and Hao-Ching Chang developed
the theory and performed the computations; Cheng-Yan Guo
and Tung-Li Hsieh verified the analytical methods; Wen-Yao
Huang and Tung-Li Hsieh encouraged the investigation [a
specific aspect] and supervised this work’s findings; and All
authors discussed the results and contributed to the final
manuscript.

REFERENCES

[1] F. Landi et al., “The new challenge of geriatrics: Saving frail older
people from the SARS-COV-2 pandemic infection,” J. Nutrition, Health
Aging, vol. 24, no. 5, pp. 466–470, May 2020.

[2] F. Lamontagne et al., “A living WHO guideline on drugs for COVID-
19,” Brit. Med. J., vol. 370, Sep. 2020, Art. no. m3379.

[3] J. Grein et al., “Compassionate use of remdesivir for patients with severe
COVID-19,” New England J. Med., vol. 382, no. 24, pp. 2327–2336,
2020.

[4] D. R. Seshadri et al., “Wearable sensors for COVID-19: A call to action
to harness our digital infrastructure for remote patient monitoring and
virtual assessments,” Frontiers Digit. Health, vol. 2, pp. 1–11, Jun. 2020.

[5] A. Rahman, T. Tabassum, Y. Araf, A. Al Nahid, M. A. Ullah,
and M. J. Hosen, “Silent hypoxia in COVID-19: Pathomechanism
and possible management strategy,” Mol. Biol. Rep., vol. 48, no. 4,
pp. 3863–3869, Apr. 2021.

[6] K. E. J. Philip, R. Tidswell, and C. McFadyen, “Racial bias in pulse
oximetry: More statistical detail may help tackle the problem,” Brit.
Med. J., vol. 372, p. n298, Feb. 2021.

[7] E. R. Gottlieb, J. Ziegler, K. Morley, B. Rush, and L. A. Celi,
“Assessment of racial and ethnic differences in oxygen supplementation
among patients in the intensive care unit,” JAMA Intern Med., vol. 182,
no. 8, pp. 849–858, 2022.

[8] A. Fawzy et al., “Racial and ethnic discrepancy in pulse oximetry
and delayed identification of treatment eligibility among patients with
COVID-19,” JAMA Intern Med., vol. 182, no. 7, pp. 730–738, 2022.

[9] Z. Vesoulis, A. Tims, H. Lodhi, N. Lalos, and H. Whitehead, “Racial
discrepancy in pulse oximeter accuracy in preterm infants,” J. Perinatol.,
vol. 42, no. 1, pp. 79–85, Jan. 2022.

[10] G. N. Stamatas, B. Z. Zmudzka, N. Kollias, and J. Z. Beer, “Non-
invasive measurements of skin pigmentation in situ,” Pigment Cell Res.,
vol. 17, no. 6, pp. 618–626, Dec. 2004.

[11] D. Ray, T. Collins, S. I. Woolley, and P. V. S. Ponnapalli, “A review of
wearable multi-wavelength photoplethysmography,” IEEE Rev. Biomed.
Eng., vol. 16, pp. 136–151, 2023.

[12] P. E. Bickler, J. R. Feiner, and J. W. Severinghaus, “Effects of skin pig-
mentation on pulse oximeter accuracy at low saturation,” Anesthesiology,
vol. 102, no. 4, pp. 715–719, Apr. 2005.

[13] B. A. Fallow, T. Tarumi, and H. Tanaka, “Influence of skin type and
wavelength on light wave reflectance,” J. Clin. Monit. Comput., vol. 63,
no. 5, pp. 964–972, 2016.

[14] B. Bent, B. A. Goldstein, W. A. Kibbe, and J. P. Dunn, “Investigating
sources of inaccuracy in wearable optical heart rate sensors,” NPJ Digit.
Med., vol. 3, no. 1, pp. 1–9, Feb. 2020.

[15] A. Shcherbina et al., “Accuracy in wrist-worn, sensor-based mea-
surements of heart rate and energy expenditure in a diverse cohort,”
J. Personalized Med., vol. 7, no. 2, p. 3, May 2017.

[16] X. Cui, S. Bray, D. M. Bryant, G. H. Glover, and A. L. Reiss,
“A quantitative comparison of NIRS and fMRI across multiple cognitive
tasks,” NeuroImage, vol. 54, no. 4, pp. 2808–2821, Feb. 2011.

[17] (2023). Maximintegrated. [Online]. Available: https://www.maxim
integrated.com/en/products/interface/signal-integrity/MAX30101.html



17000 IEEE SENSORS JOURNAL, VOL. 23, NO. 15, 1 AUGUST 2023

[18] (2023). AMS-OSRAM AG. [Online]. Available: https://ams.com/
documents/20143/36005/TCS3472_DS000390_3-00.pdf

[19] N. J. AlQahtani, A. N. Bukair, G. N. Alessa, H. F. AlDushaishi, and
S. M. Ali, “Designing a band for vehicles’ drivers induced by ultraviolet
and infrared radiations,” Dermatol. Res. Pract., vol. 2022, Dec. 2022,
Art. no. 7238905.

[20] M. Wilkes, C. Y. Wright, J. L. du Plessis, and A. Reeder, “Fitzpatrick
skin type, individual typology angle, and melanin index in an African
population: Steps toward universally applicable skin photosensitivity
assessments,” JAMA Dermatol., vol. 151, no. 9, p. 1038, 2015.

[21] A. Chardon, I. Cretois, and C. Hourseau, “Skin colour typology and
suntanning pathways,” Int. J. Cosmetic Sci., vol. 13, no. 4, pp. 191–208,
Aug. 1991.

[22] S. Del Bino and F. Bernerd, “Variations in skin colour and the biological
consequences of ultraviolet radiation exposure,” Brit. J. Dermatol.,
vol. 169, pp. 33–40, Oct. 2013.

[23] Y. Wu, T. Tanaka, and M. Akimoto, “Utilization of individual typology
angle (ITA) and hue angle in the measurement of skin color on images,”
BioImages, vol. 28, no. 1, pp. 1–8, 2020.

[24] M. El Sghair, R. Jovanovic, and M. Tuba, “An algorithm for plant
diseases detection based on color features,” Int. J. Agric. Sci., vol. 2,
pp. 1–6, Jan. 2017.

[25] N. Ohta and A. R. Robertson, “CIE standard colorimetric system,”
in Colorimetry: Fundamentals and Applications. Hoboken, NJ, USA:
Wiley, Nov. 2005.

[26] B. C. K. Ly, E. B. Dyer, J. L. Feig, A. L. Chien, and S. Del Bino,
“Research techniques made simple: Cutaneous colorimetry: A reliable
technique for objective skin color measurement,” J. Investigative Der-
matol., vol. 140, no. 1, pp. 3–12, Jan. 2020.

[27] K. Kikuchi, Y. Mizokami, M. Egawa, and H. Yaguchi, “Development
of an image evaluation method for skin color distribution in facial
images and its application: Aging effects and seasonal changes of
facial color distribution,” Color Res. Appl., vol. 45, no. 2, pp. 290–302,
Apr. 2020.

[28] W. Luo et al., “The in vitro and in vivo reproducibility of a video-based
digital imaging system for tooth colour measurement,” J. Dentistry,
vol. 67, pp. S15–S19, Dec. 2017.

[29] M. Charlton et al., “The effect of constitutive pigmentation on the
measured emissivity of human skin,” PLoS ONE, vol. 15, no. 11,
Nov. 2020, Art. no. e0241843.

[30] S. Bagha and L. Shaw, “A real time analysis of PPG signal for
measurement of SpO2 and pulse rate,” Int. J. Comput. Appl., vol. 36,
no. 11, pp. 45–50, 2011.

[31] T. Tamura, “Current progress of photoplethysmography and SPO2
for health monitoring,” Biomed. Eng. Lett., vol. 9, no. 1, pp. 21–36,
Feb. 2019.

[32] C. Guo, C. Huang, C. Chang, K. Wang, and T. Hsieh, “Combining local
PWV and quantified arterial changes for calibration-free cuffless blood
pressure estimation: A clinical validation,” IEEE Sensors J., vol. 23,
no. 1, pp. 658–668, Jan. 2023.

[33] X. Ding, Y. Zhang, J. Liu, W. Dai, and H. K. Tsang, “Continuous
cuffless blood pressure estimation using pulse transit time and pho-
toplethysmogram intensity ratio,” IEEE Trans. Biomed. Eng., vol. 63,
no. 5, pp. 964–972, May 2016.

[34] X. Ding and Y. Zhang, “Photoplethysmogram intensity ratio: A poten-
tial indicator for improving the accuracy of PTT-based cuffless blood
pressure estimation,” in Proc. 37th Annu. Int. Conf. IEEE Eng. Med.
Biol. Soc. (EMBC), Aug. 2015, pp. 398–401.

[35] J. Wannenburg and R. Malekian, “Body sensor network for mobile
health monitoring, a diagnosis and anticipating system,” IEEE Sensors
J., vol. 15, no. 12, pp. 6839–6852, Dec. 2015.

[36] C. Guo, C. Chang, K. Wang, and T. Hsieh, “Assessment of a calibration-
free method of cuffless blood pressure measurement: A pilot study,”
IEEE J. Transl. Eng. Health Med., vol. 11, pp. 318–329, 2022.

[37] A. L. Ries, L. M. Prewitt, and J. J. Johnson, “Skin color and ear
oximetry,” Chest, vol. 96, no. 2, pp. 287–290, Aug. 1989.

[38] J. R. Feiner, J. W. Severinghaus, and P. E. Bickler, “Dark skin decreases
the accuracy of pulse oximeters at low oxygen saturation: The effects of
oximeter probe type and gender,” Anesthesia Analgesia, vol. 105, no. 6,
pp. S18–S23, 2007.

[39] S. S. Oak and P. Aroul, How to Design Peripheral Oxygen Saturation
(SpO2) and Optical Heart Rate Monitoring (OHRM) Systems Using the
AFE4403. Dallas, TX, USA: Texas Instruments, 2015.

[40] S. Lopez and R. T. A. C. Americas, Pulse Oximeter Fundamentals and
Design, vol. 23. Austin, TX, USA: Freescale Semiconductor, 2012.

[41] M. Panahi et al., “Development of a flexible smart wearable oxime-
ter insole for monitoring SpO2 levels of Diabetics’ foot ulcer,”
IEEE J. Flexible Electron., early access, Dec. 26, 2022, doi:
10.1109/JFLEX.2022.3232465.

[42] A. Y. Chiou, S. Hsieh, Y. Pan, C. Kuo, and C. Hsieh, “An integrated
CMOS optical sensing chip for multiple bio-signal detections,” in
Proc. IEEE Asian Solid-State Circuits Conf. (A-SSCC), Nov. 2016,
pp. 197–200.

[43] K. Lin, D. Chen, and W. Tsai, “Face-based heart rate signal decompo-
sition and evaluation using multiple linear regression,” IEEE Sensors J.,
vol. 16, no. 5, pp. 1351–1360, Mar. 2016.

[44] R. Wang et al., “A category-based calibration approach with fault
tolerance for air monitoring sensors,” IEEE Sensors J., vol. 20, no. 18,
pp. 10756–10765, Sep. 2020.

[45] M. Santos et al., “The use of wearable pulse oximeters in the
prompt detection of hypoxemia and during movement: Diagnostic
accuracy study,” J. Med. Internet Res., vol. 24, no. 2, Feb. 2022,
Art. no. e28890.

[46] L. A. von Schuckmann, M. C. Hughes, A. C. Green, and J. C. van
der Pols, “Forearm hair density and risk of keratinocyte cancers in
Australian adults,” Arch. Dermatolog. Res., vol. 308, no. 9, pp. 617–624,
Nov. 2016.

[47] Y.-R. Song et al., “Rose petal extract (Rosa gallica) exerts skin whitening
and anti-skin wrinkle effects,” J. Medicinal Food, vol. 23, no. 8,
pp. 870–878, Aug. 2020.

[48] N. Mathe, M. Balogun, and J. Yoo, “A case report on the use of topical
cysteamine 5% cream in the management of refractory postinflammatory
hyperpigmentation (PIH) resistant to triple combination cream (hydro-
quinone, topical corticosteroids, and retinoids),” J. Cosmetic Dermatol.,
vol. 20, no. 1, pp. 204–206, Jan. 2021.

[49] R. Ingargiola et al., “A monocentric, open-label randomized standard-of-
care controlled study of XONRID, a medical device for the prevention
and treatment of radiation-induced dermatitis in breast and head
and neck cancer patients,” Radiat. Oncol., vol. 15, no. 1, p. 193,
Dec. 2020.

[50] B. C. Carney, R. D. Dougherty, L. T. Moffatt, C. M. Simbulan-
Rosenthal, J. W. Shupp, and D. S. Rosenthal, “Promoter methylation
status in pro-opiomelanocortin does not contribute to dyspigmentation
in hypertrophic scar,” J. Burn Care Res., vol. 41, no. 2, pp. 339–346,
Sep. 2019.

[51] A. M. Luks and E. R. Swenson, “Pulse oximetry for monitoring
patients with COVID-19 at home. Potential pitfalls and practical
guidance,” Ann. Amer. Thoracic Soc., vol. 17, no. 9, pp. 1040–1046,
Sep. 2020.

[52] H. Jamali et al., “Racial disparity in oxygen saturation measurements by
pulse oximetry: Evidence and implications,” Ann. Amer. Thoracic Soc.,
vol. 19, no. 12, pp. 1951–1964, Dec. 2022.

[53] S. Singh, M. Kozlowski, I. García-López, Z. Jiang, and
E. Rodriguez-Villegas, “Proof of concept of a novel neck-situated
wearable PPG system for continuous physiological monitoring,” IEEE
Trans. Instrum. Meas., vol. 70, pp. 1–9, 2021.

[54] S. Marinari et al., “Accuracy of a new pulse oximetry in detection of arte-
rial oxygen saturation and heart rate measurements: The SOMBRERO
study,” Sensors, vol. 22, no. 13, p. 5031, Jul. 2022.

[55] Pulse Oximeters-Premarket Notification Submissions [510 (k) s]: Guid-
ance for Industry and Food and Drug Administration Staff, U.S.
Department of Health and Human Services, FDA, Washington, DC,
USA, 2013.

[56] P. J. Colvonen, “Response to: Investigating sources of inaccuracy in
wearable optical heart rate sensors,” NPJ Digit. Med., vol. 4, no. 1,
p. 38, Feb. 2021.

[57] A. Carpenter and A. Frontera, “Smart-watches: A potential challenger to
the implantable loop recorder?” Europace, vol. 18, no. 6, pp. 791–793,
Jun. 2016.

[58] P. J. Colvonen, P. N. DeYoung, N.-O.-A. Bosompra, and R. L. Owens,
“Limiting racial disparities and bias for wearable devices in
health science research,” Sleep, vol. 43, no. 10, Oct. 2020,
Art. no. zsaa159.

[59] L. Z. Pipek, R. F. V. Nascimento, M. M. P. Acencio, and L. R. Teixeira,
“Comparison of SpO2 and heart rate values on apple watch and con-
ventional commercial oximeters devices in patients with lung disease,”
Sci. Rep., vol. 11, no. 1, Sep. 2021, Art. no. 18901.

[60] C. Pätz et al., “Accuracy of the apple watch oxygen saturation measure-
ment in adults and children with congenital heart disease,” Pediatric
Cardiol., vol. 44, no. 2, pp. 333–343, Feb. 2023.

http://dx.doi.org/10.1109/JFLEX.2022.3232465


GUO et al.: CALIBRATING OSMs FOR DIFFERENT SKIN COLORS USING THE ITA 17001

Cheng-Yan Guo received the B.S. degree from
the National Taichung University of Education,
Taichung, Taiwan, in 2014, and the M.S. degree
from the National Taiwan University College of
Medicine, New Taipei City, Taiwan, in 2017.

He is currently the Director of Research
and Development with Accurate Meditech Inc.,
New Taipei City. His research interests include
software testing, robotics, computer vision,
bio-signal processing, and embedded systems.

Wen-Yao Huang received the Ph.D. degree
from the Polytechnic University of Brooklyn,
New York, NY, USA, in 2000.

He is currently a Professor with the Depart-
ment of Photonics, National Sun Yat-sen
University, Kaohsiung, Taiwan. His special-
ties are proton exchange membranes in fuel
cells and organic optoelectronic materials and
devices, including conjugated polymers, organic
light emitting diodes (OLEDs), and organic solar
cells.

Hao-Ching Chang received the B.S. and
M.S. degrees from the Electronical Engineering
Department, Chung Hua University, Hsinchu,
Taiwan, in 2003 and 2005, respectively.

His research interests include advanced video
coding, bio-signal processing, and embedded
systems.

Tung-Li Hsieh (Member, IEEE) received the
B.S. and M.S. degrees in mechanical engi-
neering from National Cheng Kung University,
Tainan, Taiwan, in 2004 and 2006, respectively,
and the Ph.D. degree from the Department of
Photonics and the Department of Mechanical
and Electromechanical Engineering, National
Sun Yat-sen University, Kaohsiung, Taiwan,
in 2012.

Since 2022, he has been an Assistant Pro-
fessor with the Department of Electronic Engi-

neering, National Kaohsiung University of Science and Technology,
Kaohsiung. His patents include a bone conduction audio transmission
device, a sound transmission device, a sound laser control lock device,
a tooth vibration mode sound transmission device, and a protein battery.
His research interests include automatic control, signal processing, and
opto-electromechanical integration.


