JMIR MHEALTH AND UHEALTH

Hasan et al

Original Paper

Noninvasive Hemoglobin Level Prediction in a Mobile Phone
Environment: State of the Art Review and Recommendations
Md Kamrul Hasan1, PhD; Md Hasanul Aziz2, BSc; Md Ishrak Islam Zarif2, BSc; Mahmudul Hasan3, BSc; MMA
Hashem4, PhD; Shion Guha2, PhD; Richard R Love2, MD; Sheikh Ahamed2, PhD
1

Department of Electrical Engineering and Computer Science, Vanderbilt University, Nashville, TN, United States

2

Department of Computer Science, Marquette University, Milwaukee, WI, United States

3

Department of Computer Science, Stony Brook University, Stony Brook, NY, United States

4

Department of Computer Science & Engineering, Khulna University of Engineering & Technology, Khulna, Bangladesh

Corresponding Author:
Md Kamrul Hasan, PhD
Department of Electrical Engineering and Computer Science
Vanderbilt University
334 Featheringill Hall
Nashville, TN
United States
Phone: 1 6153435032
Email: kamrul.hasan@Vanderbilt.Edu

Abstract
Background: There is worldwide demand for an affordable hemoglobin measurement solution, which is a particularly urgent
need in developing countries. The smartphone, which is the most penetrated device in both rich and resource-constrained areas,
would be a suitable choice to build this solution. Consideration of a smartphone-based hemoglobin measurement tool is compelling
because of the possibilities for an affordable, portable, and reliable point-of-care tool by leveraging the camera capacity, computing
power, and lighting sources of the smartphone. However, several smartphone-based hemoglobin measurement techniques have
encountered significant challenges with respect to data collection methods, sensor selection, signal analysis processes, and
machine-learning algorithms. Therefore, a comprehensive analysis of invasive, minimally invasive, and noninvasive methods is
required to recommend a hemoglobin measurement process using a smartphone device.
Objective: In this study, we analyzed existing invasive, minimally invasive, and noninvasive approaches for blood hemoglobin
level measurement with the goal of recommending data collection techniques, signal extraction processes, feature calculation
strategies, theoretical foundation, and machine-learning algorithms for developing a noninvasive hemoglobin level estimation
point-of-care tool using a smartphone.
Methods: We explored research papers related to invasive, minimally invasive, and noninvasive hemoglobin level measurement
processes. We investigated the challenges and opportunities of each technique. We compared the variation in data collection
sites, biosignal processing techniques, theoretical foundations, photoplethysmogram (PPG) signal and features extraction process,
machine-learning algorithms, and prediction models to calculate hemoglobin levels. This analysis was then used to recommend
realistic approaches to build a smartphone-based point-of-care tool for hemoglobin measurement in a noninvasive manner.
Results: The fingertip area is one of the best data collection sites from the body, followed by the lower eye conjunctival area.
Near-infrared (NIR) light-emitting diode (LED) light with wavelengths of 850 nm, 940 nm, and 1070 nm were identified as
potential light sources to receive a hemoglobin response from living tissue. PPG signals from fingertip videos, captured under
various light sources, can provide critical physiological clues. The features of PPG signals captured under 1070 nm and 850 nm
NIR LED are considered to be the best signal combinations following a dual-wavelength theoretical foundation. For error metrics
presentation, we recommend the mean absolute percentage error, mean squared error, correlation coefficient, and Bland-Altman
plot.
Conclusions: We addressed the challenges of developing an affordable, portable, and reliable point-of-care tool for hemoglobin
measurement using a smartphone. Leveraging the smartphone’s camera capacity, computing power, and lighting sources, we
define specific recommendations for practical point-of-care solution development. We further provide recommendations to resolve
several long-standing research questions, including how to capture a signal using a smartphone camera, select the best body site
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for signal collection, and overcome noise issues in the smartphone-captured signal. We also describe the process of extracting a
signal’s features after capturing the signal based on fundamental theory. The list of machine-learning algorithms provided will
be useful for processing PPG features. These recommendations should be valuable for future investigators seeking to build a
reliable and affordable hemoglobin prediction model using a smartphone.
(JMIR Mhealth Uhealth 2021;9(4):e16806) doi: 10.2196/16806
KEYWORDS
noninvasive hemoglobin; smartphone-based hemoglobin; hemoglobin level from image and video

Introduction
Hemoglobin (Hb) abnormalities cause several blood diseases,
and lead to fatal and chronic health problems, including heart
attack, stroke, and pregnancy complications [1]. When an
adequate Hb blood level (men≥13 g/dL, women≥12 g/dL) is
not maintained, the disorder complicates the function of the
major organs (eg, kidney, brain, and heart) that require oxygen
[2]. Anemia, a common Hb disorder, may be caused by blood
loss, which is mostly a chronic condition (as occurs with
menstruation), decreased red blood cell (RBC) production
associated with iron and other nutritional deficiencies, and
increased RBC destruction [3,4]. The central role of Hb is to
maintain physiologic homeostasis, and the high frequencies of
Hb abnormalities make assessment of this parameter a daily
clinical activity.
Approximately 5.6% of the US population is anemic and 1.5%
of the population has moderate to severe anemia [5]. Sickle cell
diseases (SCD) cost more than US $1.5 billion annually in the
United States [6]. Globally, blood disorders and associated
complications affect more than 5 million people. In Africa,
approximately 250,000 babies are born with SCD every year
[7] and 1.62 billion people are affected by Hb-related
abnormalities worldwide [8]. A reliable, affordable, and
user-friendly solution is crucial to assess the Hb status of a large
population. Clinical assessment of Hb typically involves the
cyan-methemoglobin method, which is considered to be reliable.
However, this invasive process has several limitations, including
that the diagnostic devices are not portable, results are not
immediately available, and the entire process is expensive. Thus,
an Hb disorder diagnosis based on an invasive method is not a
perfect solution, especially for people in low- and
middle-income countries [9,10]. With available medical
facilities, frequent invasive testing is also less convenient due
to pain, anxiety, and infections [11]. A recent study estimated
the cost for a complete blood count (CBC) test in Bari, Puglia,
Italy, with approximately 1,000,000 inhabitants, to be US $3.14,
resulting in a total cost of US $560,000 in 2018. Considering
the entire national territory of Italy, the estimated cost will be
more than US $20 million per year for public hospitals for
outpatients. However, the laboratory costs for other cases,
including hospitalized patients and private clinic patients, will
be much higher than this previous estimation in Italy [12]. These
multiple circumstances indicate the reasonable importance of
a noninvasive point-of-care (POC) method for Hb measurement.
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Commercially available noninvasive POC tools for Hb
measurement (Figure 1) are already available [13-16], but have
one or more of the following limitations: (1) challenging data
collection methods, (2) complex data analysis and feature
extraction processes, (3) lack of affordability and portability,
and (4) lack of user-friendliness with costly external modules
[17]. Smartphone-based solutions are emerging owing to their
multifaceted benefits. Recent Hb level assessments use the
signal captured from human body locations such as the fingertip
[18], nail beds [19], and lower eyelid area [20]. The
smartphone’s built-in sensors, additional attachments, signal
processing methods, and machine-learning algorithms offer
major advantages for Hb level estimation. However, most of
these components (devices and data collection sites) vary among
studies assessing noninvasive methods for Hb level estimation.
Therefore, it is important to investigate what, how, and why
these components play a vital role in Hb calculation.
Accordingly, in this study, we investigated invasive, minimally
invasive, and noninvasive approaches to address the following
research questions: (1) How is the signal captured by a
smartphone camera from a body site? (2) What issues hinder
the smartphone-captured signal for building a noninvasive
diagnostic tool? (3) How are a signal’s features calculated
considering a fundamental theory? (4) What machine-learning
algorithms are used to develop a smartphone-based POC
diagnostic app?
This study addressed the details of measuring Hb noninvasively.
The paper is organized according to the functional components
of a noninvasive Hb measurement system. The Methods section
describes these components and briefly details current invasive
and minimally invasive methodologies for Hb estimation. A
list of noninvasive methods is discussed in detail, assessing the
challenges and opportunities of smartphone-based solutions. In
the Results section, we describe several sensors and signal
processing methods that are currently available to process
captured signals from different body sites and produce features
to apply machine-learning algorithms. We further discuss the
most common machine-learning algorithms, including ordinary
least squares, multiple linear regression (MLR), partial least
square regression (PLSR), and support vector machine
regression (SVR). In the Discussion section, we provide several
recommendations for the development of a POC tool using a
smartphone and propose lighting sources to improve the
measurement accuracy levels. Finally, we note our contributions
to and limitations of this field.
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Figure 1. Point-of-care tools for minimally invasive and noninvasive hemoglobin measurement: (a) Hemo Cue, and (b) Astrim-Fit. (These two photos
are licensed under CC BY-ND).

Methods
Overview of Hb Estimation Methods
Hb level measurement is a blood diagnosis process to determine
the concentration of Hb in the blood. Clinicians measure Hb in
several ways, although the invasive (blood sample collection)
approach remains the most common. Invasive processes involve
the addition of various chemicals to a blood sample and then
optical variations are calculated using spectroscopic data to

measure the Hb level (Figure 2). By contrast, a noninvasive
(without blood sample collection) approach involves data
obtained from image sensors [21], spectroscopic information,
and output of a photoplethysmographic (PPG) sensor to calculate
the Hb level (Figure 3). In addition, a minimally invasive
process requires only a couple of drops of blood to calculate
Hb, and then collects image and spectra-based information from
the blood sample for an estimation. Such minimally invasive
techniques are comparatively less painful and have fewer
complications in collecting sample data.

Figure 2. Collecting patient's blood sample for doing invasive hemoglobin diagnosis.
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Figure 3. Phases involved in a noninvasive hemoglobin measurement system.

Invasive and Minimally Invasive Processes
Smartphone-based solutions have appeared in recent years for
invasive and minimally invasive blood Hb level measurement.
In these cases, smartphones follow the characteristics of a
spectrometer. For example, Edwards et al [22] built a
smartphone-based G-Fresnel spectrometer that works within a
wavelength range of 400-1000 nm. The G-Fresnel spectrometer
showed a mean error of 9.2% in Hb level measurement in
phantom tissue studies. A tungsten halogen lamp illuminates
the liquid tissue phantom of human Hb and sends the diffusely
reflected light to the G-Fresnel smartphone spectrometer.
Although the smartphone-based spectrometer opens a new
research horizon toward developing a portable and affordable
solution, the use of liquid phantoms may not be an appropriate
approach for layered biological tissues. Living tissue has both
oxy- and deoxy-Hb molecules, and the phantom’s Hb is
saturated mostly with oxygen. Therefore, in vivo studies seem
to be more appropriate for developing a reliable
smartphone-based solution to measure Hb levels.
A color-based POC system developed by Tyburski et al [23]
was built with an inexpensive, disposable, and standalone device
that consisted of two parts: a cap and a body. By capillary action,
blood automatically fills the entire sample tube of the body.
The cap is then placed into the body, which is prefilled with the
reagent solution. After 60 minutes, the blood initiates a redox
reaction and the solution shows a stable color change. Using a
color scale sticker or with the optional smartphone app after
capturing an image of the solution, the Hb level was measured
in 238 patients. The sensitivity of the visual interpretation and
smartphone analysis of this POC device was 90.2% and 91.1%,
respectively, and the specificity was 83.7% and 79.2%
respectively. However, this minimally invasive approach suffers
from the limitation of the reagent’s expiration date, quality of
the cap and body of the device, captured image quality and
resolution, and identification of an exact Hb level by a visual
scale.
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Visual image-based approaches have also been introduced for
Hb measurement. Glycated Hb (HbA1c), which provides
information about an average sugar level for the last 4 months,
can be measured using a paper-based system and a smartphone,
which will help to capture an image of a drop of blood. Using
this colorimetric process, Siva et al [24] applied
image-processing techniques to investigate the pixel color
intensity values and correlated the level of Hb with HbA1c [24].
Siemens Healthineers developed and commercially launched a
blood diagnosis device named Aina that can be attached to a
smartphone for determining levels of Hb, HbA1c glucose, and
a lipid profile [25].
A chromatography paper-based test was developed that involves
a mixture of blood and Drabkin reagent based on bloodstain
images digitized with a portable scanner to quantify Hb levels
[26]. This process may be accomplished with a smartphone
camera sensor by developing a mobile app and analyzing the
captured image. For continuous Hb monitoring, a sensor that
can calculate Hb levels is implanted in the body, which requires
replacement every 3-4 days due to enzyme depletion and
membrane contamination [27]. In this implanted system, a wire
has to be attached to the patient’s body to transmit signals [28].
In these invasive and minimally invasive systems, drawing
blood from a vein involves insertion of a needle, which can
cause some discomfort, pain, numbness, or a shocking sensation
to patients, with subsequent itching or burning at the collection
site. These procedures are often traumatic for children and
people with mental disabilities. This situation is further
exacerbated for patients with needlephobia, a medical condition
affecting approximately 10% of the global population [29].

Noninvasive Process
Noninvasive systems are usually composed of the three main
functional components shown in Figure 3: (1) a data acquisition
sensor that captures a raw biological (eg, image or spectral)
signal; (2) a feature engineering unit that preprocesses the signal
and calculates features from the signals; and (3) an Hb level
estimation system, which generally incorporates different layers
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of user authentication, data storage, prediction model usage,
machine learning, and result validation [21]. The user
authentication and Hb estimation phase depend on the device,
internet availability, user data, and prediction model.
Before elaborating on the smartphone-based noninvasive
approaches, we investigated spectroscopy-based techniques
with near-infrared (NIR) spectroscopy (NIRS), because these
methods have received considerable attention for the
noninvasive measurement of blood Hb, oxygenation, pH,
hematocrit, and glucose levels [30]. We investigated the lighting
sources used in various NIRS methods to determine which NIR
lights are most useful in calculating an Hb level noninvasively.
The light sources used in a spectra-based investigation may
enhance the chance of obtaining accurate Hb information using
a smartphone camera to which lights can be attached as an
external device.
External lights (ie, NIR lights) are required when a smartphone
has no support to sense blood Hb noninvasively in living tissues.
One noninvasive method for measuring Hb flow involves
analyzing the response of an NIR spectrometer that monitors
variations in the absorption of NIR light in the arm, followed
by calculating the changes in deoxy-Hb and oxy-Hb
concentrations using six wavelengths: 797.5, 802.5, 831.2,

848.7, 866.5, and 907.8 nm [31]. A strong correlation (R2=0.95)
between Hb values calculated by venous occlusion PPG and
NIRS was determined. Using the PPG signals under eight
wavelengths (ranging from 600.22 nm to 1000.60 nm), Yi et al
[32] improved the accuracy of dynamic spectrum extraction
and analyzed transmitted light through the fingertip of 220
subjects. They developed a calibration model between the
dynamic spectrum data and Hb levels, obtaining a correlation
of r=0.86 and a root mean square error of prediction of 8.48
g/L. Although the estimated Hb levels were accurate and precise,
closely matching clinical requirements, there is an opportunity
to involve a more rational calibration set selection process and
further improvements of the instrument’s signal to noise ratio
(SNR). Again, this solution should involve a portable and
low-cost instrument.
Table 1 summarizes other spectra-based Hb level measurement
processes, which vary in terms of the ranges of light wavelength,
input signals, and acquisition devices. In most cases,
investigators have used an expensive spectrometer for data
collection. Among these spectra-based studies, the most
commonly used spectral wavelengths have been 850 nm, 940
nm, and 1070 nm. Investigators have also employed specialized
devices to capture PPG signals from the data collection sites
such as the finger, hand, and earlobe.

Table 1. Summary of spectra-based techniques proposed for noninvasive hemoglobin measurement.
Reference

Wavelength (nm)

Comparator

Signal
a

Participants (N)

Yi et al [32]

600-1100

Hematology analyzer (Pentra 60; ABX; France)

PPG

220

Rochmanto et al [33]

670, 940

Sysmex-KN21

PPG

78

Desai et al [34]

530

Pronto-7, Hemocue Hb analyzer

PPG

10

Kavsaoglu et al [35]

660, 905

Hemocue Hb-201TM

PPG

33

Kim et al [36]

400-700

Standard CBC test

Photon

32

Nirupa et al [37]

624, 850

Prototype

PPG

69

Ding et al [38]

600-1050

b

LED and photodiode

Spectra

119

Bremmer et al [39]

350-1050

Ocean Optics DH-2000

Spectra

8

Timm et al [40]

600-1000

LED

PPG

48

c

Fuksis et al [41]

760-940

IR LEDs

Spectra

—d

Pothisarn et al [42]

660, 940

Analyzer oximetry

Light

—

Nguyen et al [43]

940

Radical 7, XE-2100

Pulse

41

Jeon et al [44]

569, 660, 805, 880, 940, 975 Hemoglobin cyanide method

Pulse

129

Jakovels [45]

500-700

White LED

Spectra

—

Timm et al [46]

600-1400

OxyTrue Hb

Spectra

1008

Wang et al [47]

500-700, 1300

Masimo Pronto 7, RGB CMOS camera

PPG

32

Suzaki et al [48]

600, 625, 660,

K1713-09 Hamamatsu Photonics, Co-oximeter

Light

—

Hemo Cue

PPG

10

760, 800, 940, 1300
Al-Baradie et al [49]
a

670

PPG: photoplethysmography.

b

LED: light-emitting diode.

c

IR: infrared.

d

—: information not provided.
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Results
Smartphone as a POC Tool
A smartphone-based POC tool as a potential alternative to
invasive clinical blood testing is rapidly attracting attention
because of the advantages of availability, user-friendliness, and
easy attachability to different biosensing devices. The
combination of a smartphone and an external device can offer
a reliable and affordable POC tool for remote health monitoring.
Moreover, the enhanced computing ability, sensing capability,
portability, and wide availability of smartphones have propelled
this development.
Approximately 56% of US adults and more than 2.5 billion
people worldwide are currently using smartphone devices.
Multiple critical issues have been addressed in employing
smartphones for clinical measurement, including for
physiological parameter estimation [50-52], noninvasive Hb
diagnosis [53,54], and blood glucose measurement [55,56].
Several studies have shown a higher level of performance in
some biomedical applications where a smartphone plays a
pivotal role in measuring blood oxygenation, Hb, glucose level,
cholesterol, and antibody levels (see Multimedia Appendix 1).
The most frequently used smartphones are developed by Apple,
Samsung, Motorola, Google, HTC, Sony, and Asus, where the
camera sensor is used to capture videos or images. The accuracy
level was deemed to be reliable in each of the studies listed in
Multimedia Appendix 1 [50,51,54,55,57-64]. Data commonly
captured by a smartphone were obtained from two main body
sites: the fingertip and eyelid.

Finger-Based Analysis
The average width of a human index finger is 14 mm, including
the bone (∼6 mm), tissue, dermis (∼3 mm), epidermis (∼1.5
mm), and nail-plate (∼1 mm) [65]. As a data collection site, the
finger is frequently chosen for several reasons: it is easy to place
on a smartphone, it is less sensitive than the eyelid, and it is
easy to control. In most cases, the finger pulp area is illuminated
using either the phone flashlight or external light sources to
obtain the pulsatile information of blood in this area. Reflectance
and transmittance oximetry, based on the light source’s position,
have been applied to the fingertip area using a smartphone to
estimate Hb levels. For example, SmartHeLP [53], HemaApp
[66], and Hb Meter [67] determinations have used smartphone
camera sensors to capture image or videos. In these studies,
various lengths of fingertip videos were recorded with different
smartphones, and each video frame was analyzed pixel-wise by
separating the red, green, and blue (RGB) pixel intensities.
Hasan et al [53] subdivided each frame into 10×10 similar sized
blocks, separating RGB pixel intensities, and generating
time-series information on each block over all frames. They
also applied an artificial neural network to estimate Hb levels
based on training data of 75 subjects. The gold-standard Hb
levels ranged from 7.6 to 13.5 g/dL, and a rank-order correlation
of 0.93 was obtained between model-predicted and
gold-standard Hb levels. Based on the pixel information from
the group of blocks, the most significant region of interest was
determined to be close to the smartphone’s flashlight. Although
RGB pixels were explored in this study, only the red pixel
https://mhealth.jmir.org/2021/4/e16806
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information was employed for development of the prediction
model. In addition, the presence of extreme (lower and higher)
levels of Hb was limited.
Similarly, Wang et al [66] evaluated fingertip videos using three
different hardware embodiments, in which the first embodiment
included a white flash and infrared emitter, the second
embodiment incorporated an incandescent lamp with a white
flash and infrared emitter, and the third embodiment was made
by a white flash and custom infrared light-emitting diode (LED)
array (Figure 4) [66,68-70]. The external lighting sources, a
combination of incandescent and NIR LEDs, resulted in better
estimation with an error of 1.26 g/dL and correlation of r=0.82
compared with the other two embodiments. In this case, they
captured 15-second-long fingertip videos from 31 subjects,
generated pulsatile signals, and extracted RGB time-series
waveforms for each video. Additional features, including peak
and trough, were calculated from each time-series dataset, and
SVR was applied to estimate the level of Hb for each user. In
this study, the analyzed Hb levels ranged from 8.3 g/dL to 15.8
g/dL, which were compared with those estimated using Masimo
Pronto. Although HemaApp showed greater accuracy than
Masimo Pronto, HemaApp was not tested on various types of
devices (eg, smartphone) and lighting sources. HemaApp used
the bulb to receive light of about 1000 nm, and the age of the
light bulb impacted the efficiency. In addition, the effect of
ambient light in this study was significant. To make HemaApp
more versatile, the prediction model requires upgrading on the
training data with more subjects.
In another report, four LED lights with different wavelengths,
photodiodes, and a microcontroller unit were used to capture a
finger’s PPG signal, enabling calculation of the ratio between
alternating current (AC) and direct current (DC) signals of the
PPG, and estimation of the Hb level, which was transferred to
a smartphone through Bluetooth [71]. The microcontroller
analyzed the PPG signal using the exponential moving average
and then linear regression was applied to calculate the Hb level
of 30 subjects, with a root mean square error of 1.53 g/dL.
However, the light setting requires correct illumination for
precise Hb estimation and the effect of different skin
pigmentation is yet to be tested in this system.
A human fingernail, with about 1 mm thickness on average, is
comprised of keratin protein, which is translucent [72].
Fingernails have been studied since they allow for easy data
capture and they are relatively easy to control [73]. Mannino et
al [19] analyzed the images of a fingernail bed captured by a
smartphone-based app to investigate critical information for
noninvasive Hb level measurement. In this study, an Apple
iPhone 5s captured the fingernail bed images (with the camera
flash both on and off) from 337 participants who provided blood
samples for a standard CBC test. Multilinear regression with a
bisquare weighting algorithm was applied to build a prediction
model from the nail bed’s image parameters and standard
laboratory reports. Although the smartphone app measured the
Hb level within 2 gm/dL with a bias of 0.2 gm/dL in 100
patients, and showed a good correlation (r=0.82) compared with
CBC reports, the system suffers from a limitation of automated
region of interest selection.
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Figure 4. Smartphone-based point-of-care tools for noninvasive hemoglobin measurement using fingertip and eyelid images. (a) SmartHeLP [53], b)
HemaApp [66], (c) SSR-based Hgb [20], and (d) Conjunctiva-based Hgb [80]. The images are presented with permissions.

Most of the finger-based studies for Hb level estimation
considered reflectance oximetry, in which the smartphone
camera and the light source were on the same side. However,
transmittance oximetry has been rarely applied for finger-based
data collection in estimating Hb levels. There is an opportunity
to investigate the finger as a data collection site by applying
transmittance oximetry, in which light from the finger’s dorsal
area is sent to the pulp area, because peak absorption of the
human melanin pigment occurs at around 335 nm [74], whereas
tissue has low absorbance (translucent) in the red and NIR
regions, and prior studies indicated that NIR light could
penetrate more than 1-2 cm [75].

Palpebral Conjunctiva
The palpebral conjunctiva, the lower eyelid area of the eye, has
received considerable attention as a measurement site because
the microvessels in this area are clearly visible and melanocytes
are not present [76]. Reflectance spectroscopy has been applied
to capture data from the eyelid area [77]. Digital photography
and spectral data of lower eyelid images or spectral data
converted from an RGB image were applied in several studies
to measure Hb levels in a noninvasive manner.
Recently, Park et al [20] introduced a smartphone-based solution
that converts an RGB image captured by a smartphone’s camera
sensor into a virtual hyperspectral image. The need for additional
https://mhealth.jmir.org/2021/4/e16806
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equipment such as an attachment with a smartphone to capture
the spectral response was avoided by generating a conversion
matrix (T) to transfer a regular image to a spectral image. The
generated spectral image was defined as virtual spectra, which
were used to train an Hb prediction model. In this study, a wide
range of Hb values were calculated in clinical settings and
compared with the estimated Hb levels, and Bland-Altman
analyses showed reliable performance. Although three different
smartphones were used to collect the data, the testing on other
smartphones, creation of a more extensive dataset with a wide
range of Hb levels, and inclusion of patients with a variety of
possible confounding medical conditions are required for further
evaluation of this approach.
Selim et al [77] developed a solution based on a lower eyelid
image captured by a commercially available Sony DSC-F1
digital camera with a charge-coupled device (CCD), exposing
the palpebral conjunctiva. To minimize the effect of ambient
light, a gray card was placed close to the eye, and the region of
interest was selected from both the eyelid and gray image
manually. Invasively measured Hb, using an automated cell
counter (SE 9500, Sysmex Corporation, Japan), was compared
with the estimated Hb of 117 subjects’ eyelid images,
demonstrating a Pearson rank-order correlation coefficient of
0.6. However, the prediction algorithm was not verified with
other light sources, compared with a gold-standard test, checked
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 7
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according to the variation in oxygen saturation, or tested in
outdoor settings.
Dimauro et al [78] attached an enclosed macrolens with a
smartphone to capture a close and high-resolution image of an
eyelid with precise focus. The image was segmented using the
SLIC Superpixels algorithm, a region of interest was selected
for feature extraction, the erythematous was calculated for the
CIE-Lab color space, and the k-nearest neighbor classification
algorithm [79] was applied to the eyelid image data captured
from 102 participants. Applying the Random Oversampling
Examples (ROSE) balancing algorithm, they found reliable
prediction of the Hb level using conjunctiva images.
Digital images of the palpebral conjunctiva can provide
information to measure the level of Hb in a noninvasive manner
[80]. Anggraeni et al [57] built a regression model using the
digital images of 20 participants’ eyelids along with white paper
images captured at the same time by Asus ZenFone 2, and
estimated the Hb concentration, which correlated highly with
clinically measured Hb levels (r=0.92). Among the three color
pixels of a palpebral conjunctiva image, the red color intensity
showed better performance than the green and blue pixel
intensities in this study. However, specific software is required
for image analysis, and the region of interest needed to be
selected for enhancing the precision level.
In addition to conjunctiva images, Rojas et al [81] developed
Selienemia, a smartphone and cloud-based platform, using RGB,
ISO files, and exposure of images of the tongue, and built a
curve-fitting model applying logistic regression and a neural
network algorithm. The tongue images provided a better result
(sensitivity 91.89% and specificity 85.18%) than the
conjunctiva-based prediction model (sensitivity 91.89% and
specificity 70.34%) when tested on 64 patients. However, the
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training model was built on a population in which most of the
participants were young (mean age of 22.6-31.6 years) and
extreme levels of Hb were rarely observed in this group (mean
10.6-14.8 g/dL). Establishing a controlled environment and
standardized images for Selienemia is challenging.
Although noninvasive devices can capture accurate blood Hb
values, their application can be cumbersome and limit users,
since the devices have to be attached and oriented correctly,
and must be operated with expertise. Access to expensive
noninvasive devices for Hb diagnosis is not a practical solution
in many low- and middle-income countries. Since the number
of smartphone users in the world is estimated at about 6 billion
[82], discussion about noninvasive methods should involve
user-friendly and cost-effective solutions developed using a
smartphone; however, more details of the sensors used are
required. In the following sections, we discuss several sensors
and signal processing tools.

Sensors
Sensors translate a physiological signal into machine-accessible
data that allow for measurement of physical properties of the
human body by collecting physiological signals from one or
multiple body sites, including the skin [45], fingertip [66], lip
[83], and eye conjunctiva [84]. A machine-learning algorithm
with the features generated from a sensor’s signal can be used
to build a prediction model to estimate Hb levels.
Table 2 lists the different types of sensors that have been used
to capture physiological data to estimate Hb levels
noninvasively. Most of these sensors are based on image, PPG
signal, and optical data. Some of the sensing devices were built
by the research team, whereas others used off-the-shelf hardware
such as a smartphone, PPG device, or spectrometer.
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Table 2. Summary of different sensors, signal types, and body sites used for hemoglobin level measurement.

a

Reference

Device

Sensor

Signal

Body part

Kavsaouglu et al [35]

Hemocue Hb-201

PPGa

Light

Finger

Kim et al [36]

Spectrometer, quartz-tungsten-halogen
source

Optical

Spectra

Conjunctiva

Nirupa et al [37]

Prototype

PPG

Light

Finger

b

Ding et al [38]

LED and photodiode

Optical

Spectra

Finger

Timm et al [40]

InGaAs photodiode

Optical

Spectra

Finger

Pothisarn et al [42]

Analyzer oximetry

Optical

Light

Finger

Nguyen et al [43]

XE-2100, Masimo Radical 7

Fluorescence and
optical

Pulse

Finger

Jeon et al [44]

Hardware prototype

Optical

Pulse

Finger

Jakovels et al [45]

Nuance 2.4

Optical

Spectra

Skin

Timm et al [46]

Hemocue

Optical

Spectra

Finger

Wang et al [47]

Masimo Pronto 7, RGBc CMOSd camera

Image

PPG

Fingertip

Kamrul et al [53]

Smartphone camera

Image

PPG

Finger

Wang et al [66]

Smartphone camera

Image

PPG

Finger

Kuestner et al [85]

Modified pulse oximeter, Coulter STKS
Monitor

Optical

Spectra

Finger, ear or toe

Lamhaut et al [86]

Hemocue 201+, Radical-7

Optical

Spectra

Finger or ear

Jakovels et al [87]

RGB CMOS

Optical

Spectra

Arm

Miyashita et al [88]

R1-25 and R2-25a

Optical

Spectra

Finger

Li et al [89]

AvaSpec HS1024x58TEC-USB2

Optical

Spectra

Finger

Frasca et al [90]

Hemocue 301, Siemens RapidPoint 405,
Sysmex XT 2000i

Optical

Spectra

Finger

PPG: photoplethysmography.

b

LED: light-emitting diode.

c

RGB: red, green, blue.

d

CMOS: complementary metal oxide semiconductor.

Optical sensors, as a type of photometric device, capture the
optical signal from an external source such as an LED, laser,
or lights of different spectra [91]. Photodiodes are primarily
used as optical sensors, which are made of indium gallium
arsenide (InGaAs) and indium-phosphor. In some cases, optical
sensors contain an embedded amplifier that can select different
wavelengths (500-1600 nm) of the signal. A complementary
metal oxide semiconductor (CMOS) is a sensor that converts
photons to electrons for digital processing, which is used in
smartphones, digital video cameras and digital CCTV cameras,
astronomical telescopes, scanners, barcode readers, robots, and
optical character recognition systems. As high-end smartphone
devices include CMOS camera sensors, we can collect data
using a smartphone in data collection. In addition to RGB, a
CMOS sensor, RGB LED ring-light illuminator, and
orthogonally orientated polarizers can be used to capture images,
where multiple images under different light sources may carry
rare information [87]. The reason is that CMOS chips, with
PPG light-capturing cells, pick up the photons at different
wavelengths and translate them into electrons, which are
converted by digital-to-analog converters into pixels of various
https://mhealth.jmir.org/2021/4/e16806
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colors [92]. The CCD sensor, a light-sensitive integrated circuit,
can convert each image pixel into an electrical charge, and has
a high degree of sensitivity that can generate an image even in
low-light conditions [93].
InGaAs, an alloy of indium arsenide and gallium arsenide, is
another type of infrared sensor used in photodiodes. As a faster
response, an InGaAs photodiode is preferred in most studies
since these photodiodes have shown higher quantum efficiency
[94]. An InGaAs photodetector may also be useful for
noninvasively monitoring the Hb concentration and oxygen
saturation [95]. A silicon photomultiplier is a solid-state photon
detector that can count every single photon, is small in size, of
low cost, able to detect low light, and is quantum-efficient [96].
Several studies have used a silicon photomultiplier to build
embedded systems to detect PPG signals in both reflective and
transmittance modes [97].
A PPG sensor captures an optical response from the
microvascular bed of a fingertip, and is used for arterial, venous,
and respiratory measurements. Recently, optical PPG sensor
data were used for noninvasive Hb measurement [98]. A PPG
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 9
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device can identify the finger motion with a motion detector
and can work with more than one wavelength. Compared with
data captured by an electrocardiogram machine, a PPG device
reliably (R2=0.93) calculated the heart rate of 170 subjects [99].
Sensing through an electrical-sensing device costs additional
money, which complicates the use of such systems. By reducing
the number of electrical sensors through leveraging the
smartphone’s camera sensor, an image or video signal can be
collected from a body site, and these data can be processed to
generate machine-readable signals and features, and then
machine-learning algorithms are applied to build an Hb
prediction model. Smartphone-captured data, either image,
audio, or video, should be preprocessed using signal processing
techniques.

Signal Processing
Smartphone-recorded signals captured from a body site are
attenuated by different unintentional issues such as movement,
external noise, and motion artifacts. As part of preprocessing,
smartphone-captured data, image, or video are processed using
OpenCV library, which generates time-series signals [100] that
can be applied to Fourier series analysis on a cycle-by-cycle
basis. To remove high-frequency noise in the signal, the data
can be filtered using smoothing filters such as Savitzky-Golay
smoothing, Butterworth, and Gaussian filters. A cycle-by-cycle
Fourier series analysis could reduce the measurement error of
the signal from 37% to 3% [101].
The Savitzky-Golay data smoothing filter uses a least-squares
polynomial approximation by fitting a polynomial to an input
dataset, and evaluates the resulting polynomial at a single point,
maintaining the shape and magnitude of the waveform peaks
while smoothing the waveform [102].
Biological signals, which are nonstationary as they tend to
change over time, can be passed through wavelet transformation
for noise reduction and signal enhancement [103]. Stationary
wavelet transform was applied to PPG signals, and the wavelet
transforms modulus maxima was used to reduce motion artifacts,
resulting in an 87% reduction in heart rate estimation error, 76%
reduction in heart rate variability estimation error, and 66%
reduction in instantaneous heart rate error [104]. A continuous
wavelet transform can be used to determine the accurate position
of the peak and trough of a PPG signal [105]. However, wave
transform has limited capability in restoring corrupted PPG
signals for both heart rate and pulse transmit time measurements
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[106]. There are also more advanced techniques derived from
wave transform such as synchrosqueezing transform that have
been used to process PPG signals [107].
Independent component analysis (ICA) can separate the additive
non-Gaussian subcomponents of a multivariate signal [108].
As motion artifacts in a PPG signal are derived from
independent sources, these can be separated using ICA. ICA
can also be used to separate the effect of ambient light and other
sources of interference. Kim et al [109] used a combination of
ICA and block interleaving with low-pass filtering to reduce
motion artifacts in PPG signals. Holton et al [110] compared
ICA with principal component analysis, another source
separation technique, with respect to their effectiveness in PPG
signal recovery from video recordings, and found that ICA
produced the most consistent result.
A Butterworth filter, as a maximally flat filter, makes the
frequency response of a signal as flat as possible in the passband
[111]. By applying the Butterworth filter, high-pass, low-pass,
or band-pass filter, a PPG signal can be processed as an
authentication method of a PPG biometric [112]. With the
Butterworth filter, using both low-pass filtering and wavelet
transform, motion artifacts can be removed from PPG data,
monitor blood pressure, and identify wrong peaks [113-115].
A biological signal captured by a smartphone introduces noise
due to uncontrolled data collection processes, which results in
a low SNR. To remove the motion artifact, a Butterworth filter
[113], singular value decomposition [116], adaptive filtering
[117], Fourier series analysis [118], ICA [109], and principal
component analysis [119] have been most commonly used.
More than one technique should ideally be used to reduce the
motion artifact based on the generated signal’s pattern, noise
level, sources, environment, and acquisition process. After
cleaning, features of the signal are calculated to apply
machine-learning algorithms to build a prediction model.

Machine-Learning Algorithms
Definition
A machine-learning algorithm trains a machine to learn and
apply acquired knowledge in predictions. Most of the current
Hb prediction models use machine-learning algorithms.
Although these algorithms could be used in any type of
diagnostic system, we here present a list of machine-learning
algorithms that are commonly used to assess Hb levels
noninvasively (Table 3).
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Table 3. Summary of machine-learning algorithms for noninvasive hemoglobin measurement.
Reference

Algorithms

Performance measures

Demauro et al [12]

kNNa classifier

r and R2

Yi et al [32]

Difference accumulation

r, RMSb

Kavsaouglu et al [35]

CARTc, LSRd, GLRe, MVLRf, PLSRg, GRNNh, MLRi,

MSEk, R2, RMSEl, MAPEm, IAn

SVRj

a

Nirupa et al [37]

Linear regression

MSE, R2

Ding et al [38]

BP-ANNo and PCAp

r

Bremmer et al [39]

LLSq fit

r

Jeon et al [44]

MLR, PLSR

MSE, R2, r

Jakovels et al [45]

Regression analysis

Gaussian analysis

Timm et al [46]

Regression

BAAr

Wang et al [47]

Linear regression

RMSE

Wang et al [66]

SVR

r, BAA

Lamhaut et al [86]

Linear regression

r, BAA, P value, bias, precision

Miyashita et al [88]

Linear regression

r and BAA bias plot

Li et al [89]

PLSR

R

Frasca et al [90]

Regression, BAA

MSE, r, RMSE, R2, BAA

Kamrul et al [18,53]

PLSR and ANNs

R

kNN: k-nearest neighbor.

b

RMS: root mean square.

c

CART: classification and regression trees.

d

LSR: least-squares regression.

e

GLR: generalized linear regression.

f

MVLR: multivariate linear regression.

g

PLSR: partial least-squares regression.

h

GRNN: generalized regression neural network.

i

MLR: multiple linear regression.

j

SVR: support vector regression.

k

MSE: mean square error.

l

RMSE: root mean square error.

m

MAPE: mean absolute percentage error.

n

IA: index of agreement.

o

BP-ANN: backpropagation artificial neural network.

p

PCA: principal component analysis.

Q

LLS: linear list squares.

r

BAA: Bland-Altman analysis.

s

ANN: artificial neural network.

MLR
With a similar strategy of more than one simple linear
regression, MLR aims to model the relationship between two
or more explanatory variables and a response variable. The
simple linear regression estimates the relationship between a
dependent variable Y and an explanatory variable X using the
equation Yi=β0+β1Xi+εi, where β0 is the intercept and β1 is the
slope of the line, and the error εi is considered to have a mean
value of 0. By contrast, MLR has p explanatory variables. In
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this case, the relationship between Y and X is represented by
the following equation:
Yi = β0 + β1X1i + β2X2i + β3X3i +...+ βpXpi + εi,
where β1 to βp are the coefficients. Using this equation, MLR
uses the features of a signal as an observation (row) of X and
the target value. For example, the clinically measured Hb level
is stored in Y to build an Hb prediction model [35].
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PLSR
Multiple factors, greater than the number of observations, have
been analyzed by PLSR in several studies for Hb level
estimation [120,121]. PLSR calculates a few latent factors
among other factors that may be responsible for most of the
variation in the target or response variable. PLSR names the
latent variable as T or X scores and defines the response
variables as U or Y scores. The X scores with a direction in the
factor space explain the factor variation, even when a strong
relationship with Y scores is lacking. In PLSR, the Y scores
maintain the variation of predicted Y and provide data regarding
the change in U. The greatest advantage of PLSR is that both
X and Y scores are used to determine a correlation, which helps
to build a reliable prediction model [122].

SVR
SVR is a well-known regression technique for the
dimensionality problem, which finds the best hyperplane that
separates a class/group with maximum distance using support
vectors as a set of critical points. The optimization function is
given as follows [123]:
1/2 ||w||2
Subject to,
yi – (wixi) – b < e
(wixi) + b – yi < e
SVR uses kernels, linear or nonlinear, to create a hyperplane
that preserves maximum margins among the data. One of the
popular kernel functions is the radial basis function, which has
been used to estimate noninvasive Hb levels [35,66,124].

Measurement Techniques
An Hb prediction model developed by applying a
machine-learning algorithm from estimated Hb levels requires
a performance test with a gold-standard (clinically measured)
Hb value. Performance measurement, based on comparison of
estimated with clinically measured values, is generally achieved
by calculating the goodness of fit (R2), correlation coefficient
(r), mean absolute percentage error (MAPE), Bland-Altman
plot, mean absolute error, and mean squared error (MSE) in
data analysis, as follows.
MAPE:
where At is the actual value or gold-standard measurement, Et
is the estimated value, and n is the number of measurements or
observations. MAPE is used in the majority of performance
measurements because it is easy to explain and understand and
does not depend on scale.
If Yi denotes the ith target value and Ŷi denotes the estimated
value of Yi, then the formula for the MSE considering the
dependent variable Y with n elements is:
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The correlation coefficient (r) demonstrates how strongly two
measurement methods are linearly related. The value of r is
between –1.0 and +1.0; if r is +1.0 or –1.0, then strong linear
relationships are indicated. The formula for Pearson correlation
is given by [125]:

where n is the sample size, xi, yi are the sample points,
is the sample mean, and

is the target mean value.

The Bland-Altman plot is used to estimate a limit of agreement
(LOA) between two quantitative measurements. In general, it
is common to compute the 95% LOA between two measurement
processes. The Bland-Altman plot thus represents the difference
between the two measurement methods against the mean value.

Discussion
Summary
We investigated several invasive, minimally invasive, and
noninvasive methodologies involving a smartphone for data
collection, presentation, and transmission processes toward the
development of a noninvasive Hb measurement tool. The diverse
methodologies across studies included data collection processes,
signal processing techniques, feature selection processes,
prediction model development algorithms, and performance
measurement techniques. Based on these insights, we provide
a list of recommendations to develop a smartphone-based
noninvasive Hb level estimation tool, which are organized below
to answer the research questions on how to capture a signal
using a smartphone camera from a body site, address several
issues that add noise in the smartphone-captured signal, calculate
the features of a signal following a fundamental theory, and
apply machine-learning algorithms for the development of an
Hb prediction model.

Body Site Selection for Signal Acquisition
The recommended optimal data collection sites on the body are
the palpebral conjunctiva, because of easy access to the
microvasculature, and the fingertip, because of the ease of
control and access. In the eyelid area, most data collection
processes involve digital photography [77,84,126] or reflectance
spectroscopy [127,128]. Although most studies demonstrate
how to capture an image accurately, perform spectral
measurement, and maintain the data collection site motionless
during data collection, there is a chance that some of the
measurements may include noise from other unintentional
activities such as eye blinking, eye sensitivity to the light,
breathing, loss of control of the eyelid, or a limited exposed eye
area. While using the smartphone camera or external camera to
capture an eyelid image, the user can attach a fixed object to
the smartphone (eg, mirror) and the image can be captured with
a mobile app, in which the boundary of the eyelid area must be
visible so that users capture the eyelid image from a fixed
distance. In this case, the secondary camera (or the camera on
the screen side) of the smartphone is a good option since the
user can see the app screen and the eyelid area on the
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 12
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smartphone’s screen, which may allow capturing an eyelid
image without additional assistance.
The fingertip has several advantages as a data collection site.
Fingertips are easily accessible, less sensitive to minor
manipulations, and are generally easy to control. The
approximate thickness from the dorsal to the ventral pad side
of a finger is about 14 mm for adults. Fingernails with a
translucent protein (keratin) can transfer NIR light, which can
penetrate more than 1-2 cm [73,75]. Thus, NIR light in the
finger tissue can work in both reflective and transmissive mode.
Owing to the greater flexibility, we recommend a fingertip-based
study over an eyelid-based approach.

Hasan et al

Response Calculation
Fingertip tissues with arterial and venous blood contain
light-absorbing components that can be recorded by PPG, an
optical device that can be used to observe blood volume changes
noninvasively. A PPG system is built with a light source to
illuminate the tissue area (eg, finger) and a photodetector to
capture the variation of light intensity. The intensity variations
are observed due to the systole and diastole parts of the
heartbeat. Thus, a PPG signal is derived from two parts: the
dynamic part, defined as the AC signal, and the static part,
defined as the DC signal (Figure 5).

Figure 5. Light absorption changes for pulse, arterial, and venous blood, and living tissue. AC: alternating current; DC: direct current.

The absorption of light by melanin and fat in the skin exhibits
a significant response in the shorter wavelengths of light [129].
NIR light, with a wavelength range from 700 to 2500 nm, can
penetrate the finger more efficiently than visible light. In this
range, light can penetrate 1-2 cm in tissues. As suggested by
the foregoing discussion, we recommend light sources of 850
nm or 940 nm, and camera (visible) light to assess the Hb
response from a fingertip video. Since water starts showing a
response at greater than 950 nm, we recommend using 1070-nm
wavelength light to capture the plasma response from a video.
The PPG signal captured under an NIR LED light source should
be used for further processing. Since the low SNR may reduce
the possibility of better PPG generation, selection, and feature
extraction, we recommend utilization of laser diodes as a light
source and developing a PPG generation algorithm using the
dynamic spectrum method [89], ratio of the superimposition
averaging template and pulse wave [130], optimized differential
extraction method [131], and spectral difference coefficient and
dynamic spectrum [132].

Signal Preprocessing
Because the pressure of the fingertip pad on the smartphone
camera and finger movement can alter the waveform of the PPG
signal, a well-designed hardware system for securing the imaged
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finger needs to be developed [133,134]. Noise and artifacts can
be further reduced with the use of filters such as moving average
and adaptive filters that work with a reference signal [135]. The
reference signals can be obtained from an additional transducer
to identify finger movement [136]. Most physiological signals
are nonstationary and change their properties over time. In this
case, a wavelet transformation and the smoothed
pseudo-Wigner-Ville distribution are recommended to improve
the PPG signals [135]. The wavelet transform has been used as
a common method of movement artifact reduction for PPG
signals [137].
To identify the region of interest, HemaApp uses the center
section of an image [66], Scully et al [58] used 50×50-sized
image pixel intensities on the green channel, and Jonathan and
Leahy [138] took a central region with a mean intensity value
from 10×10 pixels for smartphone-based PPG generation. Based
on these findings, we recommend subdividing an image into a
10×10 image block, generate a PPG signal on each block against
all frames, and identify the best location to obtain the strongest
PPG signal.

Theoretical Foundations
The transmissive or reflective process captures the properties
of a living tissue noninvasively [139]. The variation of this
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transmitted or reflected light depends on the shape, volume,
and refractive index of Hb, and the angular distribution of
scattered light, which characterizes the absorption properties of
blood and tissue [140]. By analyzing these changes in optical
scattering properties in tissues, a noninvasive solution for Hb
estimation can be achieved.
According to the Beer-Lambert law, Io=Ie−αCD, where Io is the
output light intensity, I is the incident light intensity, α is the
light absorption coefficient, C is the concentration of a blood
component, and D is the light path; the absorption of light is
proportional to the concentration of a medium and the path
length. A finger has three different absorptions for a given
wavelength of light (λ) due to Hb, plasma (P), and the tissue
(T). Therefore, the light absorption (under a given λ) by a finger
is
Io,λ = Ie(αHb[Hb]+αP[P]+αT[T])(−D)
Following the above equation, the light response for the AC
and DC value of a PPG can be given as:
ACλ = Ie(αHb[Hb]+αP[P])(−d1)+(αT[T])(−DT)
DCλ = Ie(αHb[Hb]+αP[P])(−d2)+(αT[T])(−DT),
where d1 is the path length for Hb and plasma during the AC
signal, d2 is the path length for Hb and plasma during the DC
signal, d=d1−d2, and DT is the path length for the tissue. We
assume that the tissue has a stable response, and the ratio of the
magnitude of AC and DC removes the effect of the tissue. Then,
we can express the ratio between the AC and DC values as:
ACλ/ DCλ=e(αHb[Hb]+αP[P])(–d)
where d is the path length that affects only the Hb and plasma
for λ wavelength of light. Taking the log of both sides of the
equation, we can write:
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lnACλ/ DCλ=(αHb[Hb]+αP[P])(–d)
The empirically measured absorption coefficient for each
wavelength of light can help to solve the above equation.
However, the system setup for fingertip video recording, lighting
conditions, PPG generation from fingertip videos, and complex
reflection properties of tissue require machine-learning
regression techniques to calculate the ratio of Hb and plasma
[54,66]. By incorporating multiple wavelengths of light and the
respective responses, several studies have demonstrated reliable
Hb prediction models, reducing the number of wavelengths to
two with one Hb-sensitive wavelength and another
plasma-sensitive wavelength. We recommend this
dual-wavelength approach, in which the ratio of the responses
captured by two different wavelengths of NIR lights has been
applied in different investigations such as for blood Hb [35],
skin blood supply assessment [141], oxygenation level [142],
and glucose level [143] estimation. The CCD camera sensors
can capture PPG signals similar to a pulse oximeter using a
photodetector in the NIR range, with a light wavelength around
1000 nm [144]. Modern smartphone cameras have strong
sensing capabilities for PPG imaging and volumetric changes
in the arterial blood, which enable them to capture PPG signals
using reflective or transmissive oximetry from the finger. After
generating the PPG signal from the smartphone-based fingertip
videos, the features can be calculated from each signal.

PPG Feature Generation
Since a PPG signal reflects the movement of blood from the
heart to the fingertip through the blood vessels, the characteristic
parameters of a PPG signal may provide information on blood
constituent levels. PPG features have been used in several
studies, including those of hematocrit, oxygen saturation, pulse,
and respiration [35,145-147]. Based on these insights, we
recommend investigating multiple features from the PPG signal
(Figure 6), including the systolic and diastolic peak, PPG rise
time, pulse transit time, pulse shape, and amplitude [148].
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Figure 6. Multiple features collection from a photoplethysmogram signal.

The systolic peak, an indicator of the pulsatile changes in blood
volume caused by arterial blood flow, is generated by the direct
pressure wave coming from the left ventricle to the periphery
of the body. The diastolic peak is a result of reflections of the
pressure wave by arteries of the lower body [147]. The dicrotic
notch is a small downward deflection between the systolic and
diastolic point of a PPG cycle [149]. The pulse interval
represents the relationship between the contribution that the
wave reflection makes to the systolic arterial pressure and the
reflected wave coming from the center [148]. The PPG shows
blood movement, whereas the first derivative of the PPG signal
indicates the velocity of blood in the finger [150]. Finally, the
ratio of a peak value and the sample rate is denoted as the peak
time.

Finally, we recommend calculating the ratio of two PPG features
captured under two different wavelengths of light (λH and λP).
The ratio of two PPG signals’ feature values can be presented
as follows:

The systolic amplitude, representing pulsatile changes in blood
volume, can lead a machine-learning algorithm to correlate the
pulsatile changes with blood constituent levels [151]. Delle et
al [152] confirmed the inverse relationship between the middle
cerebral artery peak systolic velocity and Hb levels. With the
incoming arterial pulse in the systolic phase, the total light
absorbance rises with the increase in arterial blood volume. The
systolic increase can then be measured by subtracting the
diastolic baseline absorbance from the systolic peak absorbance
[153]. The relative augmentation allows us to capture these
variations [66], and the inflection points can determine the
minimum and maximum values of the PPG waveform [154].
By calculating the first and second derivatives of the PPG
signals, the informative inflection points can be more accurately
studied. The change in blood volume can be tracked by
calculating the pulse interval and the ratio of different peak
arrival times [155].

In medical research, an imbalanced learning problem frequently
occurs while solving a classification problem due to insufficient
data of certain classes [12]. The imbalance condition can affect
the prediction model. Therefore, suitable solutions are required
to solve this problem. One strategy might be to alter the class
distribution through data resampling (eg, oversampling with
sample replacement). The newly generated data can remove the
overfitting issues and improve the generalization ability. Class
balancing can be achieved through the ROSE algorithm [156],
which helps to relieve the severity of the effects of an
imbalanced distribution of classes. SMOTE [157], which is
based on an oversampling approach, can also be applied to solve
this issue.
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Rλ1 (λ2)=PPGλ1/PPGλ2,
where, Rλ1(λ2) is the ratio of the two PPG signals’ features,
PPGλ1 is a PPG generated under the Hb-responsive light source,
and PPGλ2 is a PPG calculated under a plasma-responsive light
source. The ratio of the two PPG feature values represents the
individual ratio between each feature value, which can then be
applied to Hb level estimation.

Dataset Balancing

Patient Evaluation Strategy
There are different types of users or patients worldwide of a
smartphone-based POC solution for blood component
measurement. Based on the availability of smartphones and the
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expertise of the user, two strategies can be adopted. The first
strategy is for users living in low-resource settings, who can
obtain the smartphone from a local clinic, pharmacy, village
shop, or government office such as a municipality. Since the
users are not experts in using the mobile app and face challenges
in understanding the output of the blood report, a trained person
can help the patient collect the fingertip video or capture an
eyelid image to transfer to a cloud for further processing. In this
case, the smartphone is safe to use without the risk of losing a
device, sending wrong data, and obtaining misleading feedback
from the cloud. This option is also cost-effective since many
people can access the smartphone with minimum payment. The
second strategy is for smartphone users who have some degree
of mobile health literacy, confidence to capture data, and a better
understanding of mobile apps. In these settings, the users capture
data from fingertip videos or eyelid images by themselves and
submit the data through the internet. In both contexts, users are
also allowed to send their clinical blood test results through the
mobile app to the cloud. These strategies will help researchers
to build an updated prediction model based on the data stored
on the cloud.
These recommendations can provide guidance for researchers
in the area of noninvasive blood component measurement to
develop smartphone-based POC tools with the support of mobile
app development (user interface), cloud computers, and software
and prediction model developers. The data collected by a
smartphone can be transferred to a cloud via the internet where
several steps are to be accomplished, such as authentication,
schedule data to a job manager [158], apply an existing

Hasan et al
prediction model, update the model, and give feedback to the
users with an estimated Hb level.

Conclusions
As an increasingly widely available computing platform, the
smartphone offers an alternative, noninvasive POC tool to
traditional measurements of blood Hb. We recommend the
fingertip as the data collection site for the optimal development
of an accurate Hb prediction model due to its easy access, use
of three different NIR lighting sources, specific signal processing
techniques and feature selection methods, and region of interest
selection methods. For fingertip-based data collection, a covered
external NIR light source (ie, fully covered PPG device) can
provide the best PPG signal from a smartphone video. The video
should be captured with minimum presence of ambient light,
as demonstrated by Hasan et al [159] (Figure 7, left). In addition,
an eyelid conjunctiva image can be captured using a smartphone
app installed on a head-mounted plastic passive viewer (Figure
7, right) [12,78]. These two data collection methods can provide
practical applications because of their reliability, ease of use,
and sustainable cost for a patient. Investigators need to consider
the following issues before developing such a smartphone-based
POC tool: (1) cost of the smartphone, external device, reagents
if needed, training, internet, and cloud implementation; (2) other
physiological features of the patient; (3) enabling multiple
checks with a minimal cognitive load for the user; (4) storing
the user’s location, sex, and age in the record; (5) keeping the
external device as optional so that a user can run a diagnostic
without the device; and (6) creating an external device that is
cost-effective, easily attachable, properly fit with the finger,
and user-friendly.

Figure 7. Recommended data collection tool design for (left) fingertip video capture and (right) an eyelid conjunctiva image.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Summary of smartphone-based solutions offered in physiological parameter monitoring processes.
[DOCX File , 245 KB-Multimedia Appendix 1]
https://mhealth.jmir.org/2021/4/e16806

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 16
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Hasan et al

References
1.

2.
3.

4.

5.
6.

7.

8.
9.

10.

11.

12.
13.
14.
15.

16.
17.

18.

19.

20.

21.

Ataga KI, Gordeuk VR, Agodoa I, Colby JA, Gittings K, Allen IE. Low hemoglobin increases risk for cerebrovascular
disease, kidney disease, pulmonary vasculopathy, and mortality in sickle cell disease: A systematic literature review and
meta-analysis. PLoS One 2020 Apr 3;15(4):e0229959 [FREE Full text] [doi: 10.1371/journal.pone.0229959] [Medline:
32243480]
van Swelm RPL, Wetzels JFM, Swinkels DW. The multifaceted role of iron in renal health and disease. Nat Rev Nephrol
2020 Feb 25;16(2):77-98. [doi: 10.1038/s41581-019-0197-5] [Medline: 31554933]
Mann D, Riddell L, Lim K, Byrne LK, Nowson C, Rigo M, et al. Mobile phone app aimed at improving iron intake and
bioavailability in premenopausal women: a qualitative evaluation. JMIR Mhealth Uhealth 2015 Sep 28;3(3):e92 [FREE
Full text] [doi: 10.2196/mhealth.4300] [Medline: 26416479]
Kulandaivelu Y, Lalloo C, Ward R, Zempsky WT, Kirby-Allen M, Breakey VR, et al. Exploring the needs of adolescents
with sickle cell disease to inform a digital self-management and transitional care program: qualitative study. JMIR Pediatr
Parent 2018 Sep 25;1(2):e11058 [FREE Full text] [doi: 10.2196/11058] [Medline: 31518307]
Le CHH. The prevalence of anemia and moderate-severe anemia in the US population (NHANES 2003-2012). PLoS One
2016 Nov 15;11(11):e0166635 [FREE Full text] [doi: 10.1371/journal.pone.0166635] [Medline: 27846276]
Krishnamurti L, Ross D, Sinha C, Leong T, Bakshi N, Mittal N, et al. Comparative effectiveness of a web-based patient
decision aid for therapeutic options for sickle cell disease: randomized controlled trial. J Med Internet Res 2019 Dec
04;21(12):e14462 [FREE Full text] [doi: 10.2196/14462] [Medline: 31799940]
Badawy SM, Cronin RM, Hankins J, Crosby L, DeBaun M, Thompson AA, et al. Patient-centered eHealth interventions
for children, adolescents, and adults With sickle cell disease: systematic review. J Med Internet Res 2018 Jul 19;20(7):e10940
[FREE Full text] [doi: 10.2196/10940] [Medline: 30026178]
Kawaljit KK. Anaemia 'a silent killer’ among women in India: Present scenario. Eur J Zool Res 2014;3(1):32-36.
Parati G, Stergiou GS, Asmar R, Bilo G, de Leeuw P, Imai Y, ESH Working Group on Blood Pressure Monitoring. European
Society of Hypertension practice guidelines for home blood pressure monitoring. J Hum Hypertens 2010 Dec
3;24(12):779-785. [doi: 10.1038/jhh.2010.54] [Medline: 20520631]
Platt OS, Brambilla DJ, Rosse WF, Milner PF, Castro O, Steinberg MH, et al. Mortality in sickle cell disease. Life expectancy
and risk factors for early death. N Engl J Med 1994 Jun 09;330(23):1639-1644. [doi: 10.1056/NEJM199406093302303]
[Medline: 7993409]
Coventry LL, Jacob AM, Davies HT, Stoneman L, Keogh S, Jacob ER. Drawing blood from peripheral intravenous cannula
compared with venepuncture: A systematic review and meta-analysis. J Adv Nurs 2019 Nov 20;75(11):2313-2339. [doi:
10.1111/jan.14078] [Medline: 31115075]
Dimauro G, Guarini A, Caivano D, Girardi F, Pasciolla C, Iacobazzi A. Detecting clinical signs of anaemia from digital
images of the palpebral conjunctiva. IEEE Access 2019;7:113488-113498. [doi: 10.1109/access.2019.2932274]
Smart HB Hemoglobin Monitor. Enterprises Tech4Life. URL: https://tech4lifeenterprises.com/smart-hb/ [accessed
2021-03-14]
Total Hemoglobin (SpHb). Masimo. URL: https://www.masimo.com/technology/co-oximetry/sphb/ [accessed 2021-03-14]
Kim MJ, Park Q, Kim MH, Shin JW, Kim HO. Comparison of the accuracy of noninvasive hemoglobin sensor (NBM-200)
and portable hemoglobinometer (HemoCue) with an automated hematology analyzer (LH500) in blood donor screening.
Ann Lab Med 2013 Jul 01;33(4):261-267 [FREE Full text] [doi: 10.3343/alm.2013.33.4.261] [Medline: 23826562]
Sysmex Launches New ASTRIM FIT Product for Noninvasive Measurement of Estimated Hemoglobin Levels. Sysmex.
2014 Jan 15. URL: https://www.sysmex.co.jp/en/news/2014/140115.html [accessed 2021-03-13]
Bui N, Nguyen A, Nguyen P, Truong H, Ashok A, Dinh T, et al. PhO2: smartphone based blood oxygen level measurement
systems using near-IR and RED waveguided light. New York, NY: Association for Computing Machinery; 2017 Presented
at: 15th ACM Conference on Embedded Network Sensor Systems; November 6-8, 2017; Delft, Netherlands p. 1-14. [doi:
10.1145/3131672.3131696]
Hasan MK, Haque M, Sakib N, Love R, Ahamed SI. Smartphone-based human hemoglobin level measurement analyzing
pixel intensity of a fingertip video on different color spaces. Smart Health 2018 Jan;5-6:26-39. [doi:
10.1016/j.smhl.2017.11.003]
Mannino RG, Myers DR, Tyburski EA, Caruso C, Boudreaux J, Leong T, et al. Smartphone app for non-invasive detection
of anemia using only patient-sourced photos. Nat Commun 2018 Dec 04;9(1):4924. [doi: 10.1038/s41467-018-07262-2]
[Medline: 30514831]
Park SM, Visbal-Onufrak MA, Haque MM, Were MC, Naanyu V, Hasan MK, et al. mHealth spectroscopy of blood
hemoglobin with spectral super-resolution. Optica 2020 Jun 20;7(6):563-573 [FREE Full text] [doi: 10.1364/optica.390409]
[Medline: 33365364]
Blasco J, Chen TM, Tapiador J, Peris-Lopez P. A Survey of Wearable Biometric Recognition Systems. ACM Comput Surv
2016 Dec 13;49(3):1-35. [doi: 10.1145/2968215]

https://mhealth.jmir.org/2021/4/e16806

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 17
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
22.

23.

24.

25.
26.

27.

28.
29.
30.

31.

32.
33.

34.

35.
36.

37.

38.
39.

40.

41.
42.

Edwards P, Zhang C, Zhang B, Hong X, Nagarajan VK, Yu B, et al. Smartphone based optical spectrometer for diffusive
reflectance spectroscopic measurement of hemoglobin. Sci Rep 2017 Sep 22;7(1):12224. [doi: 10.1038/s41598-017-12482-5]
[Medline: 28939898]
Tyburski EA, Gillespie SE, Stoy WA, Mannino RG, Weiss AJ, Siu AF, et al. Disposable platform provides visual and
color-based point-of-care anemia self-testing. J Clin Invest 2014 Oct;124(10):4387-4394. [doi: 10.1172/JCI76666] [Medline:
25157824]
Vanjari SRK. Minimally invasive mobile healthcare diagnostic platform for glycated hemoglobin detection. Impacting
Research Innovation and Technology (IMPRINT) India. 2017 Jan 20. URL: https://imprint-india.org/
knowledge-portal-5699-minimally-invasive-mobile-healthcare-diagnostic-platform-for-glycated-hemoglobin-detection
[accessed 2021-03-13]
Siemens Launches Mobile Diagnostic Device in India. The India Expert. URL: https://www.theindiaexpert.com/
siemens-launches-mobile-diagnostic-device-in-india/ [accessed 2021-03-13]
Yang X, Piety NZ, Vignes SM, Benton MS, Kanter J, Shevkoplyas SS. Simple paper-based test for measuring blood
hemoglobin concentration in resource-limited settings. Clin Chem 2013 Oct;59(10):1506-1513 [FREE Full text] [doi:
10.1373/clinchem.2013.204701] [Medline: 23788584]
Sun X, Joseph JI, Crothall KD. Implantable sensor and system for measurement and control of blood constituent levels;
US Patent 6,122,536. Patentscope. 2000. URL: https://patentscope.wipo.int/search/en/detail.jsf?docId=WO1997001986
[accessed 2021-03-18]
Holz C, Wang EJ. Glabella: Continuously sensing blood pressure behavior using an unobtrusive wearable device. Proc
ACM Interact Mob Wearable Ubiquitous Technol 2017 Sep 11;1(3):1-23. [doi: 10.1145/3132024]
Hamilton J, Ellinwood E. Needle phobia: a neglected diagnosis. South Med J 1991;84(Supplement):27. [doi:
10.1097/00007611-199109001-00090]
Ellis L, Murphy GJ, Culliford L, Dreyer L, Clayton G, Downes R, et al. The effect of patient-specific cerebral oxygenation
monitoring on postoperative cognitive function: a multicenter randomized controlled trial. JMIR Res Protoc 2015 Dec
18;4(4):e137 [FREE Full text] [doi: 10.2196/resprot.4562] [Medline: 26685289]
Edwards AD, Richardson C, van der Zee P, Elwell C, Wyatt JS, Cope M, et al. Measurement of hemoglobin flow and blood
flow by near-infrared spectroscopy. J Appl Physiol (1985) 1993 Oct 01;75(4):1884-1889. [doi: 10.1152/jappl.1993.75.4.1884]
[Medline: 8282646]
Yi X, Li G, Lin L. Noninvasive hemoglobin measurement using dynamic spectrum. Rev Sci Instrum 2017 Aug;88(8):083109.
[doi: 10.1063/1.4998978] [Medline: 28863662]
Rochmanto RA, Zakaria H, Alviana RD, Shahib N. Non-invasive hemoglobin measurement for anemia diagnosis. 2017
Presented at: 4th International Conference on Electrical Engineering, Computer Science and Informatics (EECSI); September
19-21, 2017; Yogyakarta, Indonesia p. 1-5. [doi: 10.1109/eecsi.2017.8239096]
Desai B, Chaskar U. Comparison of optical sensors for non-invasive hemoglobin measurement. 2016 Presented at:
International Conference on Electrical, Electronics, and Optimization Techniques (ICEEOT); March 3-5, 2016; Chennai,
India p. 2211-2214. [doi: 10.1109/iceeot.2016.7755085]
Kavsaoğlu AR, Polat K, Hariharan M. Non-invasive prediction of hemoglobin level using machine learning techniques
with the PPG signal's characteristics features. Appl Soft Comput 2015 Dec;37:983-991. [doi: 10.1016/j.asoc.2015.04.008]
Kim O, McMurdy J, Jay G, Lines C, Crawford G, Alber M. Combined reflectance spectroscopy and stochastic modeling
approach for noninvasive hemoglobin determination via palpebral conjunctiva. Physiol Rep 2014 Jan 01;2(1):e00192. [doi:
10.1002/phy2.192] [Medline: 24744871]
Nirupa JLA, Kumar VJ. Non-invasive measurement of hemoglobin content in blood. 2014 Presented at: IEEE International
Symposium on Medical Measurements and Applications (MeMeA); June 11-12, 2014; Lisbon, Portugal p. 1-5. [doi:
10.1109/memea.2014.6860140]
Ding H, Lu Q, Gao H, Peng Z. Non-invasive prediction of hemoglobin levels by principal component and back propagation
artificial neural network. Biomed Opt Express 2014 Mar 12;5(4):1145-1152. [doi: 10.1364/boe.5.001145]
Bremmer RH, Nadort A, van Leeuwen TG, van Gemert MJ, Aalders MC. Age estimation of blood stains by hemoglobin
derivative determination using reflectance spectroscopy. Forensic Sci Int 2011 Mar 20;206(1-3):166-171. [doi:
10.1016/j.forsciint.2010.07.034] [Medline: 20729018]
Timm U, Andruschenko S, Hinz M. Optical sensor system for continuous non-invasive hemodynamic monitoring in
real-time. 2011 Presented at: IEEE Sensors Applications Symposium; February 22-24, 2011; San Antonio, TX p. 167-172.
[doi: 10.1109/sas.2011.5739781]
Fuksis R, Greitans M, Nikisins O. Infrared imaging system for analysis of blood vessel structure. Elektron Elektrotech
2010;97(1):45-48.
Pothisarn W, Chewpraditkul W, Yupapin PP. Noninvasive hemoglobin-measurement-based pulse oximetry. In: Optics in
Health Care and Biomedical Optics: Diagnostics and Treatment Proceedings Volume 4916. 2002 Presented at: Photonics
Asia; September 12, 2002; Shanghai, China p. 498-504. [doi: 10.1117/12.483014]

https://mhealth.jmir.org/2021/4/e16806

XSL• FO
RenderX

Hasan et al

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 18
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
43.

44.
45.

46.

47.

48.

49.

50.

51.
52.

53.

54.

55.

56.
57.

58.

59.

60.
61.

Nguyen B, Vincent J, Nowak E, Coat M, Paleiron N, Gouny P, et al. The accuracy of noninvasive hemoglobin measurement
by multiwavelength pulse oximetry after cardiac surgery. Anesth Analg 2011 Nov;113(5):1052-1057. [doi:
10.1213/ANE.0b013e31822c9679] [Medline: 21918163]
Jeon KJ, Kim S, Park KK, Kim J, Yoon G. Noninvasive total hemoglobin measurement. J Biomed Opt 2002 Jan;7(1):45-50.
[doi: 10.1117/1.1427047] [Medline: 11818011]
Jakovels D, Spigulis J, Saknite I. Multi-spectral mapping of in vivo skin hemoglobin and melanin. : International Society
for Optics and Photonics; 2010 Presented at: Biophotonics: Photonic Solutions for Better Health Care II Volume 7715;
April 12-16, 2010; Brussels, Belgium. [doi: 10.1117/12.853928]
Timm U, Gewiss H, Kraitl J. Novel multi wavelength sensor concept to detect total hemoglobin concentration, methemoglobin
and oxygen saturation. : International Society for Optics and Photonics; 2015 Presented at: Optical Diagnostics and Sensing
XV: Toward Point-of-Care Diagnostics Proceedings Volume 9332; March 9, 2015; San Francisco, CA. [doi:
10.1117/12.2080144]
Wang EJ, Li W, Zhu J, Rana R, Patel SN. Noninvasive hemoglobin measurement using unmodified smartphone camera
and white flash in Engineering in Medicine and Biology Society (EMBC). : IEEE; 2017 Presented at: 39th Annual
International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC); July 11-15, 2017; Jeju, South
Korea p. 2333-2336. [doi: 10.1109/embc.2017.8037323]
Suzaki H, Kobayashi N, Nagaoka T. Noninvasive measurement of total hemoglobin and hemoglobin derivatives using
multiwavelength pulse spectrophotometry-In vitro study with a mock circulatory system. 2006 Presented at: 2006 International
Conference of the IEEE Engineering in Medicine and Biology Society; August 30 to September 3, 2006; New York, NY
p. 799-802. [doi: 10.1109/iembs.2006.260273]
Al-Baradie RS, Bose ASC. Portable smart non-invasive hemoglobin measurement system. 2013 Presented at: 10th
International Multi-Conferences on Systems, Signals & Devices 2013 (SSD13); March 18-21, 2013; Hammamet, Tunisia
p. 1-4. [doi: 10.1109/ssd.2013.6564149]
Zaman R, Cho C, Hartmann-Vaccarezza K, Phan T, Yoon G, Chong J. Novel fingertip image-based heart rate detection
methods for a smartphone. Sensors (Basel) 2017 Feb 12;17(2):358 [FREE Full text] [doi: 10.3390/s17020358] [Medline:
28208678]
Peng R, Zhou X, Lin W, Zhang Y. Extraction of heart rate variability from smartphone photoplethysmograms. Comput
Math Methods Med 2015;2015:516826. [doi: 10.1155/2015/516826] [Medline: 25685174]
Kawsar F, Hasan MK, Roushan T, Ahamed SI, Chu WC, Love R. Activity detection using time-delay embedding in
multi-modal sensor system. 2016 Presented at: International Conference on Smart Homes and Health Telematics; May
25-27, 2016; Wuhan, China p. 489-499. [doi: 10.1007/978-3-319-39601-9_44]
Hasan MK, Haque MM, Adib R. SmartHeLP: Smartphone-based hemoglobin level prediction using an artificial neural
network. : American Medical Informatics Association; 2018 Presented at: AMIA Annual Symposium Proceedings; November
3-7, 2018; San Francisco, USA p. 535.
Wang EJ, Zhu J, Li W, Rana R, Patel S. HemaApp IR: noninvasive hemoglobin measurement using unmodified smartphone
cameras and built-in LEDs. 2017 Presented at: ACM International Joint Conference on Pervasive and Ubiquitous Computing
and Proceedings of the 2017 ACM International Symposium on Wearable Computers; Sep 11-15, 2017; Maui Hawaii,
USA p. 305-308. [doi: 10.1145/3123024.3123180]
Dantu V, Vempati J, Srivilliputhur S. Non-invasive blood glucose monitor based on spectroscopy using a smartphone. 2014
Presented at: 36th Annual International Conference of the IEEE Engineering in Medicine and Biology Society; August
26-30, 2014; Chicago, IL, USA p. 3695-3698. [doi: 10.1109/embc.2014.6944425]
Zhang Y, Zhang Y, Siddiqui SA, Kos A. Non-invasive blood-glucose estimation using smartphone PPG signals and subspace
kNN classifier. Elektrotehniski Vestnik 2019;86(1):68-74.
Anggraeni MD, Fatoni A. Non-invasive self-care anemia detection during pregnancy using a smartphone camera. In: IOP
Conf Ser Mater Sci Eng. 2017 Feb 17 Presented at: 11th Joint Conference on Chemistry in Conjunction with the 4th Regional
Biomaterials Scientific Meeting; September 15-16, 2016; Purwokerto, Indonesia p. 012030. [doi:
10.1088/1757-899x/172/1/012030]
Scully CG, Lee J, Meyer J, Gorbach AM, Granquist-Fraser D, Mendelson Y, et al. Physiological parameter monitoring
from optical recordings with a mobile phone. IEEE Trans Biomed Eng 2012 Feb;59(2):303-306. [doi:
10.1109/tbme.2011.2163157]
Gregoski MJ, Mueller M, Vertegel A, Shaporev A, Jackson BB, Frenzel RM, et al. Development and validation of a
smartphone heart rate acquisition application for health promotion and wellness telehealth applications. Int J Telemed Appl
2012;2012:696324-696237. [doi: 10.1155/2012/696324] [Medline: 22272197]
Zhu H, Sencan I, Wong J, Dimitrov S, Tseng D, Nagashima K, et al. Cost-effective and rapid blood analysis on a cell-phone.
Lab Chip 2013 Apr 07;13(7):1282-1288 [FREE Full text] [doi: 10.1039/c3lc41408f] [Medline: 23392286]
Wu Y, Boonloed A, Sleszynski N, Koesdjojo M, Armstrong C, Bracha S, et al. Clinical chemistry measurements with
commercially available test slides on a smartphone platform: Colorimetric determination of glucose and urea. Clin Chim
Acta 2015 Aug 25;448:133-138. [doi: 10.1016/j.cca.2015.05.020] [Medline: 26102280]

https://mhealth.jmir.org/2021/4/e16806

XSL• FO
RenderX

Hasan et al

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 19
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
62.
63.
64.

65.
66.

67.
68.
69.
70.

71.

72.
73.
74.
75.
76.
77.
78.

79.
80.

81.
82.
83.

84.

85.

Devadhasan JP, Oh H, Choi CS, Kim S. Whole blood glucose analysis based on smartphone camera module. J Biomed
Opt 2015 Nov 01;20(11):117001. [doi: 10.1117/1.jbo.20.11.117001]
Hasan MK, Ahsan GMT, Ahamed SI, Love R, Salim R. Pain level detection from facial image captured by smartphone. J
Inf Process 2016;24(4):598-608. [doi: 10.2197/ipsjjip.24.598]
Hasan MK, Sakib N, Love RR, Ahamed SI. RGB pixel analysis of fingertip video image captured from sickle cell patient
with low and high level of hemoglobin. 2017 Presented at: IEEE 8th Annual Ubiquitous Computing, Electronics and Mobile
Communication Conference (UEMCON); October 19-21, 2017; New York City, NY p. 499-505. [doi:
10.1109/uemcon.2017.8249004]
Amaied E, Vargiolu R, Bergheau JM, Zahouani H. Aging effect on tactile perception: Experimental and modelling studies.
Wear 2015 May;332-333:715-724. [doi: 10.1016/j.wear.2015.02.030]
Wang EJ, Li W, Hawkins D, Gernsheimer T, Norby-Slycord C, Patel SN. HemaApp: noninvasive blood screening of
hemoglobin using smartphone cameras. 2016 Presented at: Proceedings of the 2016 ACM International Joint Conference
on Pervasive and Ubiquitous Computing; September 12, 2016; Heidelberg, Germany p. 593-604. [doi:
10.1145/2971648.2971653]
Flash of insight: mobile app tests for anemia with camera flash. Africare In the News. 2015 Jun 04. URL: https://www.
africare.org/flash-of-insight-mobile-app-tests-for-anemia-with-camera-flash/ [accessed 2021-03-14]
Why track oxygen content? Ember. URL: https://www.cercacor.com/pages/ember [accessed 2021-03-14]
Effective and affordable treatment for non-life threatening illnesses. Biosense. URL: https://beta.biosense.in/services/
diagnostic-center/ [accessed 2021-03-14]
Chansanchai T. Imagine Cup World Finals 2014 winner Eyenaemia receives $50,000 and a private meeting with Bill Gates.
Official Microsoft Blog. 2014 Aug 01. URL: https://blogs.microsoft.com/blog/2014/08/01/
imagine-cup-world-finals-2014-winner-eyenaemia-receives-50000-private-meeting-bill-gates/ [accessed 2021-03-14]
Dewantoro P, Gandana CE, Zakaria RORH, Irawan YS. Development of smartphone-based non-invasive hemoglobin
measurement. 2018 Presented at: 2018 International Symposium on Electronics and Smart Devices (ISESD); October
23-24, 2018; Bandung, Indonesia p. 1-6. [doi: 10.1109/isesd.2018.8605489]
Miki RA. Nail plate growth guide surgical implantation kit US Patent 10,806,492. USPTO. 2020. URL: https://uspto.report/
patent/grant/10,806,492 [accessed 2020-03-18]
Hayashi M, Yamamoto K, Yoshimura M, Hayashi H, Shitara A. Cadmium, lead, and zinc concentrations in human fingernails.
Bull Environ Contam Toxicol 1993 Apr;50(4). [doi: 10.1007/bf00191244]
Kollias N. The spectroscopy of human melanin pigmentation, melanin: its role in human photoprotection. Valden Pub
1995:31-38.
Carroll L, Humphreys TR. LASER-tissue interactions. Clin Dermatol 2006 Jan;24(1):2-7. [doi:
10.1016/j.clindermatol.2005.10.019] [Medline: 16427500]
Lin JY, Fisher DE. Melanocyte biology and skin pigmentation. Nature 2007 Feb 22;445(7130):843-850. [doi:
10.1038/nature05660] [Medline: 17314970]
Suner S, Crawford G, McMurdy J, Jay G. Non-invasive determination of hemoglobin by digital photography of palpebral
conjunctiva. J Emerg Med 2007 Aug;33(2):105-111. [doi: 10.1016/j.jemermed.2007.02.011] [Medline: 17692757]
Dimauro G, Baldari L, Caivano D, Colucci G, Girardi F. Automatic segmentation of relevant sections of the conjunctiva
for non-invasive anemia detection. 2018 Presented at: 3rd International Conference on Smart and Sustainable Technologies
(SpliTech); June 26-29, 2018; Split, Croatia p. 1-5.
Deng Z, Zhu X, Cheng D, Zong M, Zhang S. Efficient k NN classification algorithm for big data. Neurocomputing 2016
Jun;195:143-148. [doi: 10.1016/j.neucom.2015.08.112]
Bevilacqua V, Dimauro G, Marino F. A novel approach to evaluate blood parameters using computer vision techniques. :
IEEE; 2016 Presented at: IEEE International Symposium on Medical Measurements and Applications (MeMeA); May
15-18, 2016; Benevento, Italy p. 1-6. [doi: 10.1109/memea.2016.7533760]
Wightman Rojas PM, Mass Noriega LA, Salazar Silva A. Hemoglobin screening using cloud based mobile photography
applications. Ingener Universidad 2019 Jun 21;23(2). [doi: 10.11144/javeriana.iyu23-2.hsuc]
Gozalvez J. Samsung Electronics Sets 5G Speed Record at 7.5 Gb\/s. IEEE Veh Technol Mag 2015 Mar;10(1):12-16. [doi:
10.1109/mvt.2015.2390931]
Hennig G, Homann C, Teksan I, Hasbargen U, Hasmüller S, Holdt LM, et al. Non-invasive detection of iron deficiency by
fluorescence measurement of erythrocyte zinc protoporphyrin in the lip. Nat Commun 2016 Feb 17;7(1):10776. [doi:
10.1038/ncomms10776] [Medline: 26883939]
Collings S, Thompson O, Hirst E, Goossens L, George A, Weinkove R. Non-invasive detection of anaemia using digital
photographs of the conjunctiva. PLoS One 2016 Apr 12;11(4):e0153286 [FREE Full text] [doi: 10.1371/journal.pone.0153286]
[Medline: 27070544]
Kuestner JT. Method for non-invasive and in-vitro hemoglobin concentration measurement US Patent 5,377,674. Unified
Patents Portal. 2015. URL: https://portal.unifiedpatents.com/patents/patent/US-5377674-A [accessed 2021-03-18]

https://mhealth.jmir.org/2021/4/e16806

XSL• FO
RenderX

Hasan et al

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 20
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
86.

87.
88.
89.
90.

91.
92.
93.
94.

95.
96.

97.

98.

99.

100.
101.
102.
103.
104.

105.

106.
107.

108.
109.

Lamhaut L, Apriotesei R, Combes X, Lejay M, Carli P, Vivien B. Comparison of the accuracy of noninvasive hemoglobin
monitoring by spectrophotometry (SpHb) and HemoCue® with automated laboratory hemoglobin measurement.
Anesthesiology 2011 Sep;115(3):548-554 [FREE Full text] [doi: 10.1097/ALN.0b013e3182270c22] [Medline: 21716091]
Jakovels D, Spigulis J. RGB imaging device for mapping and monitoring of hemoglobin distribution in skin. Lith J Phys
2012;52(1):50-54. [doi: 10.3952/physics.v52i1.2267]
Miyashita R, Hirata N, Sugino S, Mimura M, Yamakage M. Improved non-invasive total haemoglobin measurements after
in-vivo adjustment. Anaesthesia 2014 Jul 07;69(7):752-756. [doi: 10.1111/anae.12681] [Medline: 24800903]
Li G, Xu S, Zhou M, Zhang Q, Lin L. Noninvasive hemoglobin measurement based on optimizing Dynamic Spectrum
method. Spectrosc Lett 2017 May 05;50(3):164-170. [doi: 10.1080/00387010.2017.1302481]
Frasca D, Dahyot-Fizelier C, Catherine K, Levrat Q, Debaene B, Mimoz O. Accuracy of a continuous noninvasive hemoglobin
monitor in intensive care unit patients. Crit Care Med 2011 Oct;39(10):2277-2282. [doi: 10.1097/CCM.0b013e3182227e2d]
[Medline: 21666449]
Kraitl J, Timm U, Ewald H, Lewis E. Non-invasive sensor for an in vivo hemoglobin measurement. 2011 Presented at:
Sensors IEEE; October 28-31, 2011; Limerick, Ireland p. 276-279. [doi: 10.1109/icsens.2011.6126982]
CMOS sensor. TechTarget. URL: https://whatis.techtarget.com/definition/CMOS-sensor [accessed 2021-03-14]
Charge-coupled device (CCD). TechTarget. URL: https://searchstorage.techtarget.com/definition/charge-coupled-device
[accessed 2021-03-14]
Eppeldauer GP. Electronic characteristics of Ge and InGaAs radiometers. In: Proceedings of SPIE 3061, Infrared Technology
and Applications XXIII.: SPIE; 1997 Presented at: Proceedings of SPIE 3061, Infrared Technology and Applications XXIII;
Aug 13, 1997; Orlando, FL p. 833-838.
Jeon K, Yoon G. Method and apparatus for noninvasively monitoring hemoglobin concentration and oxygen saturation US
Patent 6,714,805. Google Patents. 2004. URL: https://patents.google.com/patent/US20030009090 [accessed 2021-03-18]
Agrò D, Canicattì R, Tomasino A. PPG embedded system for blood pressure monitoring. : IEEE; 2014 Presented at: AEIT
Annual Conference From Research to Industry: The Need for a More Effective Technology Transfer (AEIT 2014); September
18-19, 2014; Trieste, Italy p. 1-6. [doi: 10.1109/aeit.2014.7002012]
Rundo F, Conoci S, Ortis A, Battiato S. An Advanced Bio-Inspired PhotoPlethysmoGraphy (PPG) and ECG Pattern
Recognition System for Medical Assessment. Sensors (Basel) 2018 Jan 30;18(2):405 [FREE Full text] [doi:
10.3390/s18020405] [Medline: 29385774]
Phillips JP, Hickey M, Kyriacou PA. Evaluation of electrical and optical plethysmography sensors for noninvasive monitoring
of hemoglobin concentration. Sensors (Basel) 2012 Feb 09;12(2):1816-1826 [FREE Full text] [doi: 10.3390/s120201816]
[Medline: 22438739]
Uguz DU, Venema B, Leonhardt S, Teichmann D. Multifunctional photoplethysmography sensor design for respiratory
and cardiovascular diagnosis. In: World Congress on Medical Physics and Biomedical Engineering 2018. Prague, Czech
Republic: Springer; 2018:905-909.
Howse J. OpenCV computer vision with python. In: Packt Publishing Ltd. Birmingham, United Kingdom: Packt Publishing
Ltd; 2013.
Reddy K, George B, Kumar V. Use of Fourier Series Analysis for Motion Artifact Reduction and Data Compression of
Photoplethysmographic Signals. IEEE Trans Instrum Meas 2009 May;58(5):1706-1711. [doi: 10.1109/tim.2008.2009136]
Schafer R. What Is a Savitzky-Golay Filter? [Lecture Notes]. IEEE Signal Process Mag 2011 Jul;28(4):111-117. [doi:
10.1109/msp.2011.941097]
Tamura T, Maeda Y, Sekine M, Yoshida M. Wearable Photoplethysmographic Sensors—Past and Present. Electronics
2014 Apr 23;3(2):282-302. [doi: 10.3390/electronics3020282]
Lee C. Reduction of motion artifacts from photoplethysmographic recordings using a wavelet denoising approach. 2003
Presented at: IEEE EMBS Asian-Pacific Conference on Biomedical Engineering; October 20-22, 2003; Kyoto-Osaka-Nara,
Japan p. 194-195. [doi: 10.1109/apbme.2003.1302650]
Teng X, Zhang Y. Continuous and noninvasive estimation of arterial blood pressure using a photoplethysmographic
approach. 2003 Presented at: 25th Annual International Conference of the IEEE Engineering in Medicine and Biology
Society (IEEE Cat. No. 03CH37439); September 17-21, 2003; Cancun, Mexico p. 3153-3156. [doi:
10.1109/iembs.2003.1280811]
Foo JYA. Comparison of wavelet transformation and adaptive filtering in restoring artefact-induced time-related measurement.
Biomed Signal Process Control 2006 Jan;1(1):93-98. [doi: 10.1016/j.bspc.2006.01.001]
Dehkordi P, Garde A, Molavi B, Ansermino JM, Dumont GA. Extracting instantaneous respiratory rate from multiple
photoplethysmogram respiratory-induced variations. Front Physiol 2018 Jul 18;9:948. [doi: 10.3389/fphys.2018.00948]
[Medline: 30072918]
Hyvärinen A, Oja E. Independent component analysis: algorithms and applications. Neural Netw 2000 Jun;13(4-5):411-430.
[doi: 10.1016/s0893-6080(00)00026-5]
Kim B, Yoo S. Motion Artifact Reduction in Photoplethysmography Using Independent Component Analysis. IEEE Trans
Biomed Eng 2006 Mar;53(3):566-568. [doi: 10.1109/tbme.2005.869784]

https://mhealth.jmir.org/2021/4/e16806

XSL• FO
RenderX

Hasan et al

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 21
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Hasan et al

110. Holton BD, Mannapperuma K, Lesniewski PJ, Thomas JC. Signal recovery in imaging photoplethysmography. Physiol
Meas 2013 Nov 22;34(11):1499-1511. [doi: 10.1088/0967-3334/34/11/1499] [Medline: 24149772]
111. Zumbahlen H. Linear circuit design handbook. Oxford, UK: Newnes Elsevier; 2011.
112. Bonissi A, Labati RD, Perico L, Sassi R, Scotti F, Sparagino L. A preliminary study on continuous authentication methods
for photoplethysmographic biometrics. 2013 Presented at: 2013 IEEE Workshop on Biometric Measurements and Systems
for Security and Medical Applications; Oct 17, 2014; Napoli, Italy p. 28-33. [doi: 10.1109/bioms.2013.6656145]
113. Luke A, Shaji S, Menon U. Performance enhancement of a photoplethysmographic biosensor using efficient signal processing
techniques. 2018 Presented at: 3rd International Conference for Convergence in Technology (I2CT); April 6-8, 2018; Pune,
India p. 1-6. [doi: 10.1109/i2ct.2018.8529566]
114. Riaz F, Azad MA, Arshad J, Imran M, Hassan A, Rehman S. Pervasive blood pressure monitoring using Photoplethysmogram
(PPG) sensor. Future Gener Comput Syst 2019 Sep;98:120-130. [doi: 10.1016/j.future.2019.02.032]
115. Moreno S, Quintero-Parra A, Ochoa-Pertuz C, Villarreal R, Kuzmar I. A signal processing method for respiratory rate
estimation through photoplethysmography. Int J Sign Process Image Process Patt Recogn 2018 Apr 30;11(2):1-10. [doi:
10.14257/ijsip.2018.11.2.01]
116. Reddy KA, Kumar VJ. Motion artifact reduction in photoplethysmographic signals using singular value decomposition.
2007 Presented at: IEEE Instrumentation & Measurement Technology Conference IMTC; May 1-3, 2007; Warsaw, Poland
p. 1-4. [doi: 10.1109/imtc.2007.379467]
117. Ram MR, Madhav KV, Krishna EH, Komalla NR, Reddy KA. A novel approach for motion artifact reduction in PPG
signals based on AS-LMS adaptive filter. IEEE Trans Instrum Meas 2012 May;61(5):1445-1457. [doi:
10.1109/tim.2011.2175832]
118. Reddy K, George B, Kumar V. Use of Fourier series analysis for motion artifact reduction and data compression of
photoplethysmographic signals. IEEE Trans Instrum Meas 2009 May;58(5):1706-1711. [doi: 10.1109/tim.2008.2009136]
119. Ram MR, Madhav KV, Krishna EH, Reddy KN, Reddy KA. Use of multi-scale principal component analysis for motion
artifact reduction of PPG signals. 2011 Presented at: IEEE Recent Advances in Intelligent Computational Systems; September
22, 2011; Trivandrum, India p. 425-430. [doi: 10.1109/raics.2011.6069348]
120. Mohd Idrus MNE, Chia KS. Partial least square with Savitzky Golay derivative in predicting blood hemoglobin using near
infrared spectrum. MATEC Web of Conferences 2018 Feb 23;150:01001. [doi: 10.1051/matecconf/201815001001]
121. Pan T, Yan B, Tang Y, Chen J, Yao L. Combination optimization of PLS regression and SG smoothing in NIR analysis of
hemoglobin. 2017 Presented at: International Conference on Photonics and Imaging in Biology and Medicine; September
26-28, 2017; Suzhou, China. [doi: 10.1364/pibm.2017.w3a.75]
122. Tobias RD. An introduction to partial least squares regression. : SAS Institute Inc Cary; 1995 Presented at: Proceedings of
the twentieth annual SAS users group international conference; 1995; Orlando, Florida.
123. Awad M, Khanna R. Support vector regression. In: Efficient learning machines. Berkeley, CA: Apress; 2015:67-80.
124. Naseer N, Hong K, Bhutta MR, Khan MJ. Improving classification accuracy of covert yes/no response decoding using
support vector machines: an fNIRS study. 2014 Presented at: International Conference on Robotics and Emerging Allied
Technologies in Engineering (iCREATE); April 22-24, 2014; Islamabad, Pakistan p. 6-9. [doi: 10.1109/icreate.2014.6828329]
125. Mukaka MM. Statistics corner: A guide to appropriate use of correlation coefficient in medical research. Malawi Med J
2012 Sep;24(3):69-71 [FREE Full text] [Medline: 23638278]
126. Kim T, Choi SH, Lambert-Cheatham N, Xu Z, Kritchevsky JE, Bertin F, et al. Toward laboratory blood test-comparable
photometric assessments for anemia in veterinary hematology. J Biomed Opt 2016 Oct 01;21(10):107001. [doi:
10.1117/1.JBO.21.10.107001] [Medline: 27704141]
127. Sarkar PK, Pal S, Polley N, Aich R, Adhikari A, Halder A, et al. Development and validation of a noncontact spectroscopic
device for hemoglobin estimation at point-of-care. J Biomed Opt 2017 May 01;22(5):55006. [doi: 10.1117/1.JBO.22.5.055006]
[Medline: 28510622]
128. Khansari MM, Tan M, Karamian P, Shahidi M. Inter-visit variability of conjunctival microvascular hemodynamic
measurements in healthy and diabetic retinopathy subjects. Microvasc Res 2018 Jul;118:7-11 [FREE Full text] [doi:
10.1016/j.mvr.2018.01.007] [Medline: 29438814]
129. Jones DP. Medical electro-optics: measurements in the human microcirculation. Physics Technol 2002 Nov 20;18(2):79-85.
[doi: 10.1088/0305-4624/18/2/305]
130. Li G, Xiong C, Wang H, Lin L, Zhang B, Tong Y. Single-trial estimation of dynamic spectrum. Guang Pu Xue Yu Guang
Pu Fen Xi 2011 Jul;31(7):1857-1861. [Medline: 21942039]
131. Tang W, Chen Q, Yan W, He G, Li G, Lin L. An Optimizing Dynamic Spectrum Differential Extraction Method for
Noninvasive Blood Component Analysis. Appl Spectrosc 2020 Jan 12;74(1):23-33. [doi: 10.1177/0003702818815508]
[Medline: 30409032]
132. Feng X, Li G, Yu H, Wang S, Yi X, Lin L. Wavelength selection for portable noninvasive blood component measurement
system based on spectral difference coefficient and dynamic spectrum. Spectrochim Acta A Mol Biomol Spectrosc 2018
Mar 15;193:40-46. [doi: 10.1016/j.saa.2017.10.063] [Medline: 29223052]
133. Bobbia S, Macwan R, Benezeth Y, Mansouri A, Dubois J. Unsupervised skin tissue segmentation for remote
photoplethysmography. Pattern Recogn Lett 2019 Jun;124:82-90. [doi: 10.1016/j.patrec.2017.10.017]
https://mhealth.jmir.org/2021/4/e16806

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 22
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Hasan et al

134. Wijshoff RWCGR, Mischi M, Aarts RM. Reduction of Periodic Motion Artifacts in Photoplethysmography. IEEE Trans
Biomed Eng 2017 Jan;64(1):196-207. [doi: 10.1109/tbme.2016.2553060]
135. Ram MR, Madhav KV, Krishna EH, Komalla NR, Reddy KA. A novel approach for motion artifact reduction in PPG
signals based on AS-LMS adaptive filter. IEEE Trans Instrum Meas 2012 May;61(5):1445-1457. [doi:
10.1109/tim.2011.2175832]
136. Chan K, Zhang Y. Adaptive reduction of motion artifact from photoplethysmographic recordings using a variable step-size
LMS filter. 2002 Presented at: Sensors 2002; June 12-14, 2002; Orlando, Florida p. 1343-1346. [doi:
10.1109/icsens.2002.1037314]
137. Raghuram M, Madhav KV, Krishna EH, Komalla NR, Sivani K, Reddy KA. Dual-tree complex wavelet transform for
motion artifact reduction of PPG signals. 2012 Presented at: 2012 IEEE international symposium on medical measurements
and applications proceedings; May 18-19, 2012; Budapest, Hungary p. 1-4. [doi: 10.1109/memea.2012.6226643]
138. Jonathan E, Leahy M. Investigating a smartphone imaging unit for photoplethysmography. Physiol Meas 2010 Sep
24;31(11):N79-N83. [doi: 10.1088/0967-3334/31/11/n01]
139. Rendell M, Anderson E, Schlueter W, Mailliard J, Honigs D, Rosenthal R. Determination of hemoglobin levels in the finger
using near infrared spectroscopy. Clin Lab Haematol 2003 Apr;25(2):93-97. [doi: 10.1046/j.1365-2257.2003.00493.x]
[Medline: 12641612]
140. Yim D, Baranoski GV, Kimmel B, Chen TF. A cell-based light interaction model for human blood. Comput Graphic Forum
2012;31:845-854. [doi: 10.1111/j.1467-8659.2012.03065.x]
141. Jakovels D, Rubins U, Spigulis J. LASCA and PPG imaging for non-contact assessment of skin blood supply. In: Medical
Imaging 2013: Physics of Medical Imaging Proceedings volume 8668.: International Society for Optics and Photonics;
2013 Presented at: SPIE Medical Imaging 2013; March 6, 2013; Orlando, Florida. [doi: 10.1117/12.2007375]
142. Knorr-Chung BR, McGrath SP, Blike GT. Identifying airway obstructions using photoplethysmography (PPG). J Clin
Monit Comput 2008 Apr 25;22(2):95-101. [doi: 10.1007/s10877-008-9110-7] [Medline: 18219579]
143. Ramasahayam S, Koppuravuri SH, Arora L, Chowdhury SR. Noninvasive blood glucose sensing using near infra-red
spectroscopy and artificial neural networks based on inverse delayed function model of neuron. J Med Syst 2015 Jan
11;39(1):166. [doi: 10.1007/s10916-014-0166-2] [Medline: 25503416]
144. Smith AM, Mancini MC, Nie S. Bioimaging: second window for in vivo imaging. Nat Nanotechnol 2009 Nov;4(11):710-711
[FREE Full text] [doi: 10.1038/nnano.2009.326] [Medline: 19898521]
145. Yoon G, Lee JY, Jeon KJ, Park KK, Yeo HS, Hwang HT, et al. Identifying airway obstructions using photoplethysmography
(PPG). In: Proceedings Volume 4916, Optics in Health Care and Biomedical Optics: Diagnostics and Treatment. 2002
Presented at: Photonics Asia; September 12, 2002; Shanghai, China. [doi: 10.1117/12.482947]
146. Yuan H, Memon SF, Newe T, Lewis E, Leen G. Motion artefact minimization from photoplethysmography based non-invasive
hemoglobin sensor based on an envelope filtering algorithm. Measurement 2018 Feb;115:288-298. [doi:
10.1016/j.measurement.2017.10.060]
147. McDuff D, Gontarek S, Picard RW. Remote detection of photoplethysmographic systolic and diastolic peaks using a digital
camera. IEEE Trans Biomed Eng 2014 Dec;61(12):2948-2954. [doi: 10.1109/tbme.2014.2340991]
148. Elgendi M. On the analysis of fingertip photoplethysmogram signals. Curr Cardiol Rev 2012 Feb 01;8(1):14-25 [FREE
Full text] [doi: 10.2174/157340312801215782] [Medline: 22845812]
149. Nara S, Kaur M, Lal Verma K. Novel Notch Detection Algorithm for Detection of Dicrotic Notch in PPG Signals. Int J
Comput Appl 2014 Jan 16;86(17):36-39. [doi: 10.5120/15081-3520]
150. Shahrbabaki SS, Ahmed B, Penzel T, Cvetkovic D. Photoplethysmography derivatives and pulse transit time in overnight
blood pressure monitoring. 2016 Presented at: 38th Annual International Conference of the IEEE Engineering in Medicine
and Biology Society; Aug 16-20, 2016; Florida, USA p. 2855-2858. [doi: 10.1109/embc.2016.7591325]
151. Chua C, Heneghan C. Continuous blood pressure monitoring using ECG and finger photoplethysmogram. 2006 Presented
at: 2006 International Conference of the IEEE Engineering in Medicine and Biology Society; August 30 to September 3,
2006; New York, NY p. 5117-5120. [doi: 10.1109/iembs.2006.259612]
152. Delle Chiaie L, Buck G, Grab D, Terinde R. Prediction of fetal anemia with Doppler measurement of the middle cerebral
artery peak systolic velocity in pregnancies complicated by maternal blood group alloimmunization or parvovirus B19
infection. Ultrasound Obstet Gynecol 2001 Sep 12;18(3):232-236. [doi: 10.1046/j.0960-7692.2001.00540.x] [Medline:
11555452]
153. Benaron DA, Benitz WE, Ariagno RL, Stevenson DK. Noninvasive methods for estimating in vivo oxygenation. Clin
Pediatr (Phila) 1992 May 02;31(5):258-273. [doi: 10.1177/000992289203100501] [Medline: 1582091]
154. Flower RJ, Olsen RW, Van EMA. Apparatus and method for measuring blood constituents United States patent US 4,863,265.
Google Patents. 1989. URL: https://patents.google.com/patent/US9451920B2/en [accessed 2021-03-18]
155. Poon C, Teng X, Wong Y, Zhang C, Zhang Y. Changes in the photoplethysmogram waveform after exercise. 2004 Presented
at: 2nd IEEE/EMBS International Summer School on Medical Devices and Biosensors; June 26 to July 2, 2004; Hong
Kong, China p. 115-118. [doi: 10.1109/issmd.2004.1689576]
156. Menardi G, Torelli N. Training and assessing classification rules with imbalanced data. Data Min Knowl Disc 2012 Oct
30;28(1):92-122. [doi: 10.1007/s10618-012-0295-5]
https://mhealth.jmir.org/2021/4/e16806

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 23
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Hasan et al

157. Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: Synthetic Minority Over-sampling Technique. J Artif Intell
Res 2002 Jun 01;16:321-357. [doi: 10.1613/jair.953]
158. Talreja V, Ferrett T, Valenti MC, Ross A. Biometrics-as-a-service: A framework to promote innovative biometric recognition
in the cloud. : January 12-15, 2018; 2018 Presented at: 2018 IEEE international conference on consumer electronics (ICCE);
2018; Las Vegas, USA p. 1-6. [doi: 10.1109/icce.2018.8326075]
159. Hasan MK. BEst (Biomarker Estimation): health biomarker estimation non-invasively and ubiquitously, PhD Dissertation.
Marquette University. 2019. URL: https://epublications.marquette.edu/dissertations_mu/863/ [accessed 2021-03-17]

Abbreviations
AC: alternating current
CBC: complete blood count
CCD: charge-coupled device
CMOS: complementary metal oxide semiconductor
DC: direct current
Hb: hemoglobin
HbA1c: glycated hemoglobin
ICA: independent component analysis
InGaAs: indium gallium arsenide
LED: light-emitting diode
LOA: limit of agreement
MAPE: mean absolute percentage error
MLR: multiple linear regression
MSE: mean squared error
NIR: near infrared
NIRS: near infrared spectroscopy
PLSR: partial least-squares regression
POC: point of care
PPG: photoplethysmography
RBC: red blood cell
RGB: red, blue, green
ROSE: Random OverSampling Examples
SCD: sickle cell diseases
SNR: signal to noise ratio
SVR: support vector machine regression

Edited by G Eysenbach; submitted 26.10.19; peer-reviewed by G Dimauro, J Marcotte; comments to author 25.11.19; revised version
received 20.01.20; accepted 10.02.20; published 08.04.21
Please cite as:
Hasan MK, Aziz MH, Zarif MII, Hasan M, Hashem MMA, Guha S, Love RR, Ahamed S
Noninvasive Hemoglobin Level Prediction in a Mobile Phone Environment: State of the Art Review and Recommendations
JMIR Mhealth Uhealth 2021;9(4):e16806
URL: https://mhealth.jmir.org/2021/4/e16806
doi: 10.2196/16806
PMID:

©Md Kamrul Hasan, Md Hasanul Aziz, Md Ishrak Islam Zarif, Mahmudul Hasan, MMA Hashem, Shion Guha, Richard R Love,
Sheikh Ahamed. Originally published in JMIR mHealth and uHealth (http://mhealth.jmir.org), 08.04.2021. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR
mHealth and uHealth, is properly cited. The complete bibliographic information, a link to the original publication on
http://mhealth.jmir.org/, as well as this copyright and license information must be included.

https://mhealth.jmir.org/2021/4/e16806

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 4 | e16806 | p. 24
(page number not for citation purposes)

