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ABSTRACT Recently, smartphones with mobile health applications have become promising tools in the
healthcare industry due to their convenience, ubiquity for patients, and the ability to gather data in real
time. In this paper, we propose a novel non-invasive, portable, and cuff-less method for monitoring BP by
only using the smartphones’ camera. Our experiment uses pulse transit time (PTT) between two separate
photoplethysmogram (PPG) signals to estimate the subjects’ systolic blood pressure (SBP) and diastolic
blood pressure (DBP). Our proposed method first measures the subject’s PPG signals from his/her index
fingers using the smartphones’ camera. Then, filtering and peak detection algorithms of the proposedmethod
reduce the motion and noise artifacts in the PPG signals. Finally, the proposed method estimates SBP and
DBP based on a linear regression model which was trained and tested on 30 trials with six healthy subjects.
We evaluated the proposed method by comparing BP values of the proposed method with those of the
reference (or gold-standard) device in terms of mean absolute error (MAE), standard deviation of error
(SD), and R-squared (R2) value of the cross-validation. Experimental results show that the proposed method
estimates the average ofMAE ± SD is 2.07± 2.06 mm Hg for SBP estimation, and 2.12± 1.85 mm Hg for
DBP estimation. These estimates are lower than accurate BP estimation standard (5 ± 8 mmHg).

INDEX TERMS Hypertension, blood pressure, cuff-less, smartphone, photoplethysmogram (PPG), pulse
transit time (PTT).

I. INTRODUCTION
Hypertension (or high blood pressure [BP]) is a significant
health issue for adults that can result in serious complications,
such as stroke and heart diseases [1]. It is estimated that
1.3 billion people worldwide are currently affected by high
BP [2]. Specifically, one out of three adults in the U.S. suffer
from hypertension, according to a report from the Centers for
Disease Control and Prevention, but less than half of those
(46%) have been controlling their BP [1]. A report from the
Journal of the American Heart Association shows that the
annual healthcare cost for an individual with hypertension is
more than $2,000 [3]. Hence, continuous BP monitoring of
patients suffering from hypertension can prevent the progres-
sion of the hypertension and reduce medical costs.

There have been invasive and non-invasive BP measure-
ment methods. Catheterization is the most exact method.

The associate editor coordinating the review of this manuscript and

approving it for publication was Venkata Rajesh Pamula .

It involves placing a strain gauge in fluid contact with a
patient’s blood at any of their arterial sites, which allows
instantaneous measurement of the patient’s BP [4]. However,
this method is invasive, often painful or uncomfortable for
patients to use, and cannot be used for outpatient monitor-
ing. Another method, the mercury sphygmomanometer, is a
non-invasive BP measurement method that uses an inflat-
able cuff [5]. Oscillometry is another conventional and non-
invasive method that requires a cuff [6], [7]. Tonometry is a
clinical method for continuous BP monitoring, which obtain
the arterial waveform using sensors located on the artery
sites [8]–[10]. Volume clamping uses a photoplethysmogram
(PPG) signal and an inflatable cuff to measure the BP [11].
Some drawbacks of these methods are that the equipment is
cumbersome to carry, time-consuming to use, and inconve-
nient for portability [4], [12]–[14].

Progress has also been made in cuff-less BP monitoring
to overcome the portability issue. The pulse wave anal-
ysis (PWA), pulse arrival time (PAT), and pulse transit
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time (PTT) [15]–[24] are typicall adopted in cuff-less BP
measurement studies. The PWA methods use the pulse pres-
sure, or pulse wave velocity (PWV), to perform BP estima-
tion [15], [16]. The PWV is the velocity of propagation of
the pressure waves that occur across the line of the arteries as
blood pumps through the individual’s circulatory system [4].
A wearable BP measurement device based on PWV analysis
was proposed in [25]. The PWV parameter was calculated by
using PPG signals from two different arterial parts. One PPG
signal was derived from a sensor attached to the ulna arterial
site, and the other PPG signal was derived from a sensor
attached to the digital artery with a known distance from
the first PPG sensor. When deriving PWV, other parameters,
such as the dimension of the vessel, the elasticity of the
arterial wall, and blood density, are often required [16], [21].
The pulse pressure can be obtained by ultrasound to estimate
the arterial BP [20]. However, this method can be used only
in clinical applications, since it requires clinicians/technical
staff to work with an ultrasound probe. PAT is the amount
of time it takes for the pulse to arrive from the heart to
an arterial site, and can be used in research in combination
with PTT [24]. It has been shown that PAT is not a sig-
nificant enough indicator to estimate BP compared to PTT.
Hence, PTT is the main methodology adopted in cuff-less
BP monitoring.

Previous cuff-less and PTT-based studies are typically
classified into three categories [4], [10]: 1) adopting only an
electrocardiogram (ECG) signal [26], [27], 2) adopting both
ECG and PPG signals [28]–[32], and 3) adopting only a PPG
signal [22], [23], [33]. The research adopting the approaches
of 1) and 2) can be difficult to apply in daily life, since the
ECG signal is derived from sensors attached to the body.
On the other hand, the PTT-based research which requires
the detection of the PPG signals adopting the approach of
3) is more desirable for daily applications. This is because
the PPG signals can be acquired by simply placing a sensor
on the subject’s fingertip. Wearable BP monitoring devices
which use PPG signals and PTT algorithms have been pro-
posed [34]–[37]. Specifically, three sensors were embedded
on a wearable glass to measure the PPG from three different
locations on the face (angular artery, superficial temporal, and
occipital artery) to derive the PTT and estimate the BP [37].
Two PPG signals acquired from a smartwatch (CareUp) were
used to estimate the blood pressure [38]. The PTTwas derived
from the time difference between the PPG of the fingertip of
one hand and the PPG of the wrist of the opposite hand [38].
Then the blood pressure was linearly modeled to the PTT
and heart rate variability. This model was chosen because it
had the least computational complexity that could be handled
in a wearable smartwatch with low random-access memory
(RAM) capacity. These wearable BP monitoring methods
often require additional sensors to acquire PPG signals for
BP estimation.

Smartphones have emerged in healthcare monitoring
applications due to their ease of use and availability. Recent
studies have also detected PPG signals from a smartphone.

These smartphone methods can be used for heart rate estima-
tion, atrial fibrillation detection, oxygen saturation measure-
ment, and BP estimation [39]–[45]. Two smartphones were
used in [42] to record the audio signal and the PPG signal
together to estimate BP. The PTT was calculated from the
heartbeat sound acquired from one smartphone and the PPG
signal acquired from a fingertip using another smartphone.
The iCare health monitor [46] provided a smartphone appli-
cation for BP estimation. The application used the PPG signal
from the camera and finger pressure on the touch screen
sensor [47]. The Seismo [48] proposed a method to monitor
BP using the smartphone’s accelerometer and camera. The
PTT was calculated as the time between the blood ejection
from the heart and the pulse reaching the fingertip. The blood
ejection time was captured from the seismocardiography sig-
nal using the smartphone’s accelerometer, and the arrival
time at the fingertip was measured with the PPG using the
smartphone’s camera. In [45] one smartphone was used to
acquire the PTT from the fingertip and forehead PPG signals.
However, to the authors’ knowledge, there is not any research
available that captures the PTT from two fingertip sites using
only PPG signals.

In this paper, we propose a cuff-less BP monitoring system
that estimates BP with high accuracy and reliability. Our
algorithm uses PTT obtained from smartphone PPG signals
to estimate BP. Specifically, we use two identical iPhones
for PPG measurement and PTT calculation to overcome the
frame rate and different specifications. Our system also pro-
vides easier access by using only smartphones, without any
use of additional devices or sensors. We trained our linear
regression using a leave-one-out cross-validation algorithm
to derive the individual-specific parameter of the BP estima-
tionmodel. The acquired individual-specific parameters were
then tested on the remaining trials to estimate the systolic
blood pressure (SBP) and diastolic blood pressure (DBP)
values. The results of our proposed cuff-less BP estimation
model were evaluated using statistical parameters such as
mean absolute error (MAE), standard deviation of error (SD),
and root-mean-square error (RMSE). We also evaluate the
predicted BP values in terms of the correlation coefficient
for all the subjects and both SBP and DBP estimations. The
rest of this paper consists as follows: Section II describes the
data acquisition and materials of the study. The preprocess-
ing steps for PTT calculation along with the linear regres-
sion model for BP estimation are explained in Section III.
Section IV presents the results of our study performed on
six healthy subjects with 30 trials per subject, and, finally,
Section V concludes the paper.

II. MATERIALS
For this paper, we used two identical smartphone models
(iPhone X [49]) simultaneously in the experiment to mea-
sure and estimate BP from the subjects to derive the PPG
signals. The sampling rate of both smartphones’ cameras is
30 frames per second (fps). Specifically, we adopted identical
smartphones to exclude any possible difference in technical
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FIGURE 1. Screenshot of the developed iOS application for extracting
PPG signals. The red rectangular box on the top of the screen shows the
captured RGB frame from the smartphone’s camera video recording. The
real-time PPG signal is shown in the bottom red box, and the timer shows
the remaining time of the measurement.

specifications of the smartphones’ cameras, such as different
sampling rates, which could affect the PTT measurement.

Fig. 1 shows the screenshot of the proposed application.
The red rectangular box on top is the captured frame from the
smartphone video recording, and the measured PPG signal
is shown in the bottom box of the app’s screen in real time.
Furthermore, the app shows the remaining time of the total
duration of the measurement, which was used to assure that
the start time and end time of the measurements were syn-
chronized. Our proposed developed iOS application, which
was installed on both phones, was used to extract the PPG
signals. The PPG signals were measured from the index
fingers of a subject after the fingers were placed over the
smartphones’ camera sensors. The installed application pro-
cessed the RGB frames of the smartphone video recording,
and the average intensity values of the green channel were
used to derive the PPG signals.

For this study, six subjects who did not have hypertension
were recruited following Texas Tech University’s Institu-
tional Review Board (IRB# 2018-742) protocol. The subjects
were asked to sit relaxed in a chair. They were asked to
minimize any movement since it could cause motion and
noise artifacts (MNA) in the smartphone PPG recordings.
The digital cuff-based OMRON 10 series [50] BP monitor
device (as shown in Fig. 2a) was used as the gold standard

FIGURE 2. Experimental setup of the data acquisition. (a) The actual BP
measurement using a digital BP monitoring device (OMRON 10 series),
and (b) the subjects were asked to place the index finger of their right
and left hand on the iPhone X’s rear camera sensors to acquire the PPG
signal using the developed iOS application.

method to get the actual BP values. These values were later
compared with the subject’s estimated BP. For the actual
BP measurement, the subject’s left bicep was wrapped with
the inflatable cuff while the subject’s arm was positioned
on a desk in a relaxed position. The actual BP values of
each subject were then documented in a spreadsheet. Next,
the PPG signals from the subjects were gathered using the two
smartphones simultaneously. The actual BP measurement
with the OMRON device used as a reference was done before
starting each data trial from the two smartphones.

The recorded PPG signals from the smartphones were
then transferred to a computer for further analysis. It is
important to note that the actual BP measurement and the
estimated BP derived from the video recordings of the two
smartphones were not performed simultaneously since the

11536 VOLUME 8, 2020



F. Tabei et al.: Cuff-Less BP Monitoring System Using Smartphones

FIGURE 3. Data acquisition setup of the evaluation procedure to compare
the smartphones’ sampling frequency with the reference PPG device. The
NeXus-10 MK II was used simultaneously with the smartphones to
compare the PTT values. The subjects were asked to place the index
fingers of their right and left hands on the iPhone X’s rear camera sensors
to acquire the PPG signals using the developed iOS application. The
NeXus PPG sensors were attached to the middle fingers of the test
subject to acquire reference PPG signals.

cuff pressure could affect the recordings of the PPG signals
from the subject’s index fingers during the data trials. The
time gap between the actual BP measurement and the smart-
phone measurement was less than 1 minute. Fig. 2 shows the
experimental settings of the actual BP measurement and the
procedure of the smartphones’ data acquisition.

For each data trial, the smartphone recording lasted
120 seconds, and a series of 30 separate data trials were
performed on each test subject. The trials from each subject
were taken at different times of the day between 10 am and
4 pm. Specifically, each subject was asked to participate in
the data acquisition procedure in two phases. One set of
measurements was acquired in the morning and the other set
of measurements was done in the afternoon. Moreover, after

5 trials per subject, the data acquisition procedurewas paused,
and the subjects were asked to stand up and walk around for
5 minutes. The data acquisition protocol was set to have a
slight variation of BP during normal and easy daily activities.

As mentioned above, the sampling rate of the smartphone’s
camera was limited to 30 fps. Therefore, we evaluated the
performance of PTT estimation of our proposed method by
comparing the PTT estimation of the proposed method to
that of the reference method. Here, we used NeXus-10 MK
II [51] as a reference. The comparison was performed on one
test subject by 1) measuring the actual BP, and 2) measuring
the smartphone PPG signals from the left and right hands
while the PPG signals from both hands using the NeXus
device were also measured simultaneously. The sampling
frequency of the NeXus device was set as 256 Hz, and
30 trials of the evaluation procedure were measured from a
test subject. Fig. 3 shows the data acquisition setting for the
evaluation procedure. A test subject was asked to place the
index fingers of both left and right hands on the rear cameras
of the smartphones while the PPG sensors of the NeXus
device were attached to the middle fingers of both hands as
shown in Fig. 3. The actual BP measurement procedure was
performed by the OMRON device as shown in Fig. 2a.

III. METHODS
Fig. 4 shows a flowchart of the preprocessing and the pro-
posed BP estimation method. After the data acquisition,
the signals were preprocessed for further analysis of BP
estimation, using a mathematical model of the BP and PTT
relationship to derive the estimated values of the subject’s
BP. The preprocessing step is explained in detail in Subsec-
tion III-A. Subsection III-B explains the relationship between
the BP and the PTT, and the mathematical model used to
derive the subject’s estimated BP values.

A. PREPROCESSING
The acquired PPG signals from the smartphones using the
developed application were first passed through a high-pass
filter with a cutoff frequency of 0.5Hz. The baseline in the
PPG signals was removed in this step. To filter out unwanted
peaks and create a smooth signal, a moving average filter with

FIGURE 4. Flowchart of the BP estimation algorithm. After the data acquisition, the signals were preprocessed by passing through a high pass
filter. The smoothing step eliminated undesired peaks before peak detection and the PTT calculation were performed. The estimated BP values
were derived using a linear regression model.
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a span of five data points was applied to the signals before
peak detection was performed. Fig. 5 shows the raw PPG
signals derived by the iOS application and the filtered signals
from both left and right hands. As shown in Fig. 5b, this
preprocessing approachmade the signals overlap and enabled
us to acquire the PTT between the peaks.

The peaks were detected by finding the local maximum
values in the signals. We considered the fingertips of the
index fingers of left and right hands as selected arterial sites.
The PTT was directly measured between the maximum peak
points of the two smartphone PPG signals gathered from the
subject’s index fingers within each cycle and derived from
the time gap between the peaks’ locations in the recorded
PPG signals. An example of peak detection performed on
two PPG signals, along with the defined PTT, is shown
in Fig. 6.

Moreover, we performed the same procedure of filtering
and peak detection for the NeXus PPG signals gathered
from one test subject to compare the accuracy of capturing
PTT values from the smartphone’s camera, as described in
Section II. Fig. 7 shows the filtered PPG signals (0 sec-14 sec)
from both smartphones (see Fig. 7a) and the NeXus device
(see Fig. 7b), and an example of the PTT for both signals
(see Fig. 7c).

B. PTT AND BP ESTIMATION
PTT is a physiological parameter defined as the time
difference of the pulse wave moving between different parts
of an arterial site. Studies have been done to relate BP to
PTT value. Different mathematical models, such as linear and
non-linear models, have been introduced to estimate BP from
PTT values. For this purpose, the arterial vessels have been
modeled using a tube with the elasticity characteristic of the
arterial walls [4].
PTT is mathematically defined as [4]:

PTT = l
√
LC(P), (1)

where l is the arterial length, and L = ρ/A is a constant that
represents the pressure difference in the arterial sites per the
unit length, and is defined by the density of the blood (ρ)
over the cross-section of the vessel (A). Here, C is a function
of pressure P (blood pressure in the arterial site), which can
be described as:

C (P) =
Am

πP1

[
1+

(
P−P0
P1

)2] , (2)

where Am, P0, and P1 are the physical parameters derived
specifically for each individual [52]. Thus, the BP estima-
tion using the PTT should consider these individual-specific
parameters and should be calculated separately for each per-
son for accuracy. It is shown that these parameters are related
to the individual’s age, height, and other physiological param-
eters [4]. Considering these parameters and using equations
(1) and (2), the relationship between BP and PTT can be

FIGURE 5. The raw PPG signals, and the preprocessed PPG signals.
(a) The PPG signals captured by the smartphone application, and (b) the
PPG signals of both hands after passing through a high pass filter and
moving average filter. The red line is the PPG signal from the fingertip of
the right hand, and the blue line is the PPG signal from the fingertip of
the left hand, and (c) the first 20 seconds of (b) for a clear representation
of the filtered signals.
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FIGURE 6. Schematic presentation of PTT. (a) The PTT is defined as the
time difference between the two smartphone PPG signals, and (b) an
example of peak detection performed on two filtered PPG signals,
in which the PTT is defined as the time difference between the peaks’
location in the two smartphone PPG signals.

modeled as [4], [53]:

BP = K0 +

√
K1 + K2

1

PTT 2 , (3)

where K0,K1, and K2 are the individual-specific parameters.
This non-linear model can be simplified into one of the
most well-known models presented as a linear relationship
between the BP of a test subject and the inverse value of PTT
using the following equation [4]:

BP = K1PTT−1 + K2, (4)

where Kis are the unknown individual-specific parameters of
the BP estimation model.

The BP values are described by the systolic BP (SBP)
and the diastolic BP (DBP) values. The PTT−1 is the
inverse value of the average of all the PTT values during
the 120-second measurement of each trial. Based on this
model, the BP of the test subject should theoretically increase

FIGURE 7. The PPG signals from the smartphones and the NeXus device
measured for a test subject for the evaluation procedure. (a) The PPG
signals (0 sec-14 sec) captured by the smartphone application from the
left hand (LS, blue line) and the right hand (RS, red line). (b) The PPG
signals (0 sec-14 sec) captured by the NeXus device from the left hand
(LN, blue line) and the right hand (RN, red line). (c) Approximately
1 second of (a) and (b) for clear representation of the PTT for Nexus
signals (solid green and solid magnet lines) and smartphone signals
(dashed blue and dashed red lines).

when the PTT−1 increases. Since the Ki parameters dif-
fer based upon the unique physiological structures of each
individual [4], we derive the Ki values separately for each test
subject.
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FIGURE 8. The scatter plots, correlations, and regression lines between
the actual values of BP and the PTT −1 for smartphone signals and NeXus
signals. The correlation coefficient (r ) is presented in each plot. (a) The
plots for SBP measurements and (b) the plot for the DBP measurements.

To derive the Ki values, we used a linear regression model.
Specifically, the linear regressionmodel was applied to derive
1) the Ki values of SBP (KSBP,i) and 2) the Ki values of
DBP (KDBP,i). We also derived the Ki parameters by train-
ing our linear regression model using a leave-one-out cross-
validation algorithm. Hence, 29 trials of each subject were
used to train the model and derive the Ki parameters. These
Ki parameters were then used to estimate the BP of the
remaining one trial as the test data compared with the actual
BP value to evaluate our model. This process was repeated
30 times per subject, and the average values of all the 30 times
are presented as the final results. The training and testing
algorithms were applied distinctly for both SBP and DBP
estimations separately.

IV. RESULTS
We gathered 180 trials of smartphone PPG signals and
BP measurements from six subjects. As discussed in
Section III, the PTT−1 values and the BP values are mod-
eled to be correlated to each other by having a linear
relationship.

Before conducting the actual measurements, we performed
simultaneous PPG signals acquisition for one test subject
using both smartphones’ cameras and the NeXus device to
evaluate the PTT estimation performance of our proposed
system. As shown in Fig. 7, the PTT values from the NeXus
PPG signals are slightly smaller compared to the smartphone
signals (i.e. the PTT for NeXus = 0.015 and the PTT for

FIGURE 9. The scatter plots, correlations, and regression lines between
the actual values of BP and the estimated values of BP for smartphone
signals and NeXus signals. The correlation value (r ) is presented in each
plot. (a) The plots for SBP measurements and (b) for the DBP
measurements.

smartphone = 0.211). We used the average values of all the
captured PTT values from the signals of both hands to derive
the PTT−1 value to estimate the BP.

We performed correlation analysis to evaluate our PTT−1

calculation from the smartphone PPG signals and NeXus
signals with the actual BP measurements (i.e. SBP and DBP).
Fig. 8a shows the scatter plots and correlations of our cal-
culated PTT−1 values (i.e. smartphones value and NeXus
value) with the actual SBP measurements obtained from the
OMRON 10 series device. The scatter plots and correlations
between the actual DBP measurements and the PTT−1 are
shown in Fig. 8b. These results show that the actual BP
(i.e. SBP and DBP) values are highly correlated to
the PTT−1 values of smartphone and NeXus device
(i.e. r = 0.92 for both smartphone and NeXus SBP mea-
surements and r = 0.89 for both smartphone and NeXus
DBP measurements; p < 0.0005). Fig. 9 shows the scat-
ter plots and correlations between the estimated BP and
actual BP of the test subject using the smartphones and
NeXus device. As shown in Fig. 9a, the correlations between
the estimated and actual SBP values for both NeXus and
smartphone measurements are high and close to each other
(i.e. r = 0.90 for NeXus and r = 0.89 for smartphone;
p < 0.0005). The correlation coefficients for both NeXus
and smartphones are equal for the estimated and actual DBP
measurements (i.e. r = 0.87 for NeXus and r = 0.87 for
smartphone; p < 0.0005).
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FIGURE 10. The scatter plots, correlations, and regression lines between
the actual values of SBP and the PTT −1 for all the test subjects. The
correlation coefficient (r ) is presented in each plot.

The mean absolute error (MAE), standard deviation of
error (SD), and root-mean-square error (RMSE) values were
calculated to evaluate the estimation accuracy of both mea-
surements. That is, these statistical measurements are derived
from the difference between the estimated values of the
BP from the linear regression model and the actual BP
values [54].

The MAE, SD, and RMSE for the NeXus were 1.81,
2.34, and, 2.82, respectively. For the smartphone, the MAE,
SD, and RMSE were 1.74, 2.56, and 2.89, respectively. The
results show that the smartphones’ recordings agree with
the NeXus device in terms of the discrepancy between the
actual and estimated BP measurements. Therefore, the lim-
ited sampling frequency of the smartphone did not affect
the accuracy of the measurement compared with the NeXus
device.

Next, to evaluate our PTT−1 calculation from the
smartphone PPG signals with the actual BP measurement
(i.e. SBP and DBP) for all the subjects, we performed cor-
relation analysis on all the test subjects. Fig. 10 shows
the scatter plots and correlations for our calculated PTT−1

values and the actual SBP measurements obtained from
the OMRON 10 series device. The scatter plots and cor-
relations between the actual DBP measurement and the
PTT−1 are shown in Fig. 11. As shown in Figs. 10 and

FIGURE 11. The scatter plots, correlations, and regression lines between
the actual values of DBP and PTT −1 for all the test subjects. The
correlation coefficient (r ) is presented in each plot.

11, both BP measurements have significantly positive rela-
tionships with the PTT−1 (i.e. r = 0.85-0.96 for SBP and
r = 0.88-0.95 for DBP; p < 0.0005) for all the test
subjects.

Next, linear regression analysis was performed to
estimate the KSBP,i and KDBP,i values for each test sub-
ject separately [23]. The estimated regression line was
plotted for each subject in Figs. 10 and 11. The esti-
mates of the K1 and K2 of the SBP and DBP for
each subject from the linear regression model are pre-
sented in Table 1. Using the estimates of the K1 and K2
of the SBP and DBP, the MAE, SD, and RMSE values
were calculated to evaluate the estimation accuracy of our
model.

Tables 2 and 3 present the errors of SBP and DBP esti-
mations for each subject, respectively. The maximum error
was observed in the DBP estimation of Subject 1 with
the MAE, SD, and RMSE of 3.28, 2.46, and, 4.02, respec-
tively. According to the universal standard [55] between
the Association for the Advancement of Medical Instru-
mentation (AAMI), the European Society of Hyperten-
sion (ESH), and the International Organization for Stan-
dardization (ISO) and the standard provided by Insti-
tute of Electrical and Electronics Engineers (IEEE) [56],
an accurate BP estimation algorithm should have MAE

VOLUME 8, 2020 11541



F. Tabei et al.: Cuff-Less BP Monitoring System Using Smartphones

TABLE 1. Estimated Ki parameters of the SBP and DBP for each subject.

TABLE 2. Estimation error of the SBP analysis.

TABLE 3. Estimation error of the DBP analysis.

and SD values less than 5 mmHg and 8 mmHg, respec-
tively. Our results presented in Tables 2 and 3 show
that the maximum MAE and SD for SBP are 3.28 and
2.46, respectively. These values are 2.98 and 2.49 for
the DBP measurements. Therefore, our results lie in an
acceptable range of accuracy according to the mentioned
standards.

We also examined the performance of our estimation
model using the R-squared (R2) value of the cross-validated
linear regression model. This statistic indicates the per-
centage of the variation of the BP measurement accounted
for the estimation model, which evaluates how well our
model fits the data. The values of R2 for both SBP and
DBP are presented in Table 4. It was observed that more
than 67% of the variance of BP measurements (R2 > 0.67)
was explained by the linear model for all the subject
cases.

Next, we examined the relationships between the estimated
BP values and the actual BP measurements using cor-
relation analysis. It is expected that the estimated BP

TABLE 4. R-squared performance of the cross-validated linear regression
model (SBP and DBP measurements).

FIGURE 12. The scatter plots, correlations, and regression lines between
the actual values of SBP and the estimated values of SBP for all test
subjects. The correlation value (r ) is presented in each plot.

and the actual BP values have a positive linear rela-
tionship. Fig. 12 shows the scatter plots and correlations
between the actual SBP values and the estimated SBP
values. The scatter plots and correlations for the esti-
mated DBP values and actual DBP values are shown
in Fig. 13.

Strong relationships between the estimated and actual
values of SBP and DBP (i.e. r = 0.82-0.95 for SBP and
r = 0.85-0.94 for DBP, p < 0.0005) for all subjects may
imply that our PPG acquisition method, PTT−1 calculation,
and regression model have high accuracy in predicting the
SBP and DBP.
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FIGURE 13. The scatter plots, correlations, and regression lines between
the actual values of DBP and the estimated values of DBP for all test
subjects. The correlation value (r ) is presented in each plot.

V. DISCUSSION AND CONCLUSION
In this paper, we have proposed a cuff-less blood pressure
estimation system by using only the smartphones’ cameras.
We have tested a new non-invasive portable BP monitoring
system that uses our developed iOS app on two smartphones
to estimate the continuous BP of six test subjects. The smart-
phones’ cameras acquire two PPG signals from the index
fingers of each participant. Environmental and physiologi-
cal noise gathered during the experiment was minimized by
applying filtration and smoothing on the PPG signals. Next,
the peak detection technique was adopted to find the peaks.
The BP was estimated from the time difference between the
peaks of the PPG signals. This time difference is known as
PTT, and the BP can be estimated using the PTT value.

Previous studiesmainly focus on deriving the PTT from the
time difference between the ECG signal and the PPG signal.
It is also shown that PTT can be defined by the time difference
between the blood pressure wave reaching two different arte-
rial sites, the fingertip and the foot. However, the possibility
of deriving PTT from the index fingers of two hands has
not been evaluated for BP estimation. Recently, smartphones
have emerged as useful in health care monitoring, although
the possibility of deriving PTT from two different arterial
sites using only smartphones’ cameras has not been studied.
Therefore, in this paper, we focused on proposing a BP
estimation method which 1) uses the PTT from the index

fingers of both hands and 2) adopts smartphone PPG signals
for the PTT measurement.

Here, we used two smartphones to acquire the PPG signals
from the fingertips of the left and right hands to evalu-
ate the accuracy of the PTT and BP estimations, using
two different arterial sites. We evaluated the performance
of the smartphone in capturing PTT to provide accurate
results bymeasuring smartphone PPG signals simultaneously
with the reference PPG signals obtained by NeXus-10MK II.
The correlation coefficients between the PTT−1 values and
the SBP and the DBP were identical for the NeXus and
smartphones (i.e. r = 0.92 for SBP and r = 0.89 for DBP; p <
0.0005). Moreover, the correlations between the estimated
and actual BP values from the smartphones were close to
those derived from the NeXus device. Therefore, the limited
sampling frequency of the smartphone results in allowable
discrepancy in estimating the BP values.

Recently, advanced smartphones have been equipped with
dual or triple cameras. As future work, the authors plan to
use only one smartphone to acquire the PPG signals from the
subjects’ index fingers. In other words, the proposed method
could be used in future using only one smartphone with
no additional devices if we could overcome the limitation
of using both cameras (i.e. front and rear cameras) of the
smartphones simultaneously.

To estimate the BP from the PTT, a well-known mathemat-
ical model which relates the BP to the PTT was adopted. This
mathematical model shows that the BP and PTT values have a
linear relationship using individual-specific parameters (Ki).
We used a linear regressionmodel to acquire these parameters
for each subject separately. Specifically, the Ki parameters
were derived once for the SBP estimation and once for the
DBP estimation of all the test subjects.

These parameters have been tested, and the accuracy of
our estimation has been evaluated, by comparing the pre-
dicted BP values with the actual BP. The actual BP was
derived using the OMRON 10 series digital BP monitoring
device. The correlation analysis between the actual BP and
the estimated BP have shown that the estimated SBP values
of all the subjects are highly correlated with the actual SBP
values (i.e.r = 0.82-0.95, p < 0.0005). The correlation
coefficients for our estimated DBP also showed a strong
relationship with the actual DBP values (i.e. r = 0.85-0.94,
p < 0.0005). The MAE for both the SBP and DBP is less
than 5mm Hg. The maximum deviation of error (i.e. the SD)
was 2.46 for SBP and 2.49 for DBP estimation. These results
agreed with the IEEE standard for the cuff-less BP estimation
methods. Moreover, we performed an R2 value of the cross-
validation, which shows an accurate fitting for SBP and DBP
(R2 > 67%).
Although to the authors’ knowledge there is not any study

using smartphone PPG signals from both hands to acquire
PTT, we evaluated the performance of our smartphone-
based BP system with two other studies. Table 5 shows a
comparison of our model with previous studies. As shown
in Table 5, the average error between the actual and estimated
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TABLE 5. Comparison of the proposed smartphone-based BP method
with previous studies.

BP values is significantly less in our study compared to the
others, while maintaining the accuracy in terms of correla-
tion parameter (r = 0.90). The results of this study com-
pared with previous studies indicates the possibility of using
smartphone PPG signals acquired from the fingertips of both
hands. Since smartphone PPG signals are easily affected with
MNA, an MNA detection algorithm that enables detecting
and removing MNA from both smartphone PPG signals in
a synchronized way could be adopted in future studies to
increase the accuracy of the measurements.
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