Physical and Engineering Sciences in Medicine (2020) 43:11-28
https://doi.org/10.1007/513246-019-00813-x

REVIEW q

Check for
updates

Non-invasive continuous blood pressure monitoring systems: current
and proposed technology issues and challenges

Solmaz Rastegar' - Hamid GholamHosseini' - Andrew Lowe'

Received: 16 May 2019 / Accepted: 25 October 2019/ Published online: 1 November 2019
© Australasian College of Physical Scientists and Engineers in Medicine 2019

Abstract

High blood pressure (BP) or hypertension is the single most crucial adjustable risk factor for cardiovascular diseases (CVDs)
and monitoring the arterial blood pressure (ABP) is an efficient way to detect and control the prevalence of the cardiovascular
health of patients. Therefore, monitoring the regulation of BP during patients’ daily life plays a critical role in the ambulatory
setting and the latest mobile health technology. In recent years, many studies have been conducted to explore the feasibility
and performance of such techniques in the health care system. The ultimate aim of these studies is to find and develop an
alternative to conventional BP monitoring by using cuff-less, easy-to-use, fast, and cost-effective devices for controlling and
lowering the physical harm of CVDs to the human body. However, most of the current studies are at the prototype phase
and face a range of issues and challenges to meet clinical standards. This review focuses on the description and analysis of
the latest continuous and cuff-less methods along with their key challenges and barriers. Particularly, most advanced and
standard technologies including pulse transit time (PTT), ultrasound, pulse arrival time (PAT), and machine learning are
investigated. The accuracy, portability, and comfort of use of these technologies, and the ability to integrate to the wearable

healthcare system are discussed. Finally, the future directions for further study are suggested.
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Introduction

Blood pressure (BP) is the pressure of the blood within the
arteries as it circulates through the body. BP is generally
expressed in terms of systolic pressure and diastolic pres-
sure. Prehypertension ranging starts from 120 to 139 mmHg
systolic blood pressure (SBP) and 80 to 89 mmHg diastolic
blood pressure (DBP) [1, 2]. Hypertension is the single most
important modifiable risk factor for cardiovascular diseases
(CVD), and monitoring arterial blood pressure (ABP) is an
efficient way to detect CVD [3]. CVD is associated with
the world’s highest mortality and disability rate, also called
a “silent killer” because it rarely shows early symptoms
before significant damage is made to the heart, arteries,
brain, eyes, and kidneys [4]. The world health organiza-
tion (WHO) global status report has shown that 7.5 million
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deaths annually are caused by diseases related to high BP
and this number is likely to increase in coming years as the
population ages [5, 6]. In spite of these facts, it has been
shown that only 33% of hypertensive patients are aware of
their disease and had their BP under control by receiving
related treatments [7].

Considering the fact that hypertension is preventable
and its effective management is a key component of any
healthcare strategy in the ambulatory setting, a reliable
continuous BP monitoring system would increase the rate
of awareness, treatment, and control of hypertension. By
collecting activities of daily life (ADL) and BP varia-
tions in individuals at risk of CVD, there is a possibility
to improve the assessment of the patient’s hypertension
state. As a result, risk factors can be minimised and clini-
cians can encourage patients to adopt lifestyle modifica-
tions and early medical intervention [8]. The recent studies
have been conducted that the non-invasive and continuous
BP monitoring could give this opportunity to the clini-
cians to measure patients’ BP variation during their daily
activity and predict BP related risks [9, 10]. Therefore,
continuous BP monitoring is vital to improve diagnosis in
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health care and better prediction in the related treatments
plan [11-13]. Furthermore, early detection and treatment
of hypertension can reduce the associated economic and
social costs [14].

For the first time in history, William Harvey described
arterial pulse and circulation physiology in the sixteenth
century [15]. He also introduced hemodynamic parameters
such as cardiac output, stroke volume, and ejection fraction
[15-17]. In 1733, Reverend Stephen Hales noted that the
presence of BP and pulse pressure could be used to observe
the pulsatile rise and fall of an animal’s BP [18]. In the same
century, John Floyer measured pulse rate. The Kymograph
(“wave writer” in Greek) was developed by Carl Ludwig in
1847 to graphically record arterial pressure; this involved
inserting a brass pipe cannula into the artery and the use
of a mercury manometer. Vierordt in 1855 used the sphyg-
mograph to develop a non-invasive BP technique. In 1985,
Scipione Riva-Rocci developed the inflatable cuff armband
[19]. The common traditional auscultatory method was first
introduced by a Russian surgeon named Korotkoff in 1905;
this method involves an inflatable BP cuff and stethoscope
and it has become the clinical standard over the last centu-
ries [19].

Traditional BP measurement methods, based on auscul-
tatory and oscillometric techniques, considered the stand-
ard method for over 100 years. The significant drawback of
this technique is the inclusion of cuff-based technology for
measurement. The repeated inflation and deflation of the cuff
cause discomfort for the patients, especially during night
time monitoring, which means that these methods are not
practical for long-term and continuous BP monitoring [20].
To overcome the shortcomings of auscultatory and oscillo-
metric techniques, significant research has been conducted
using a cuff-less BP device that is incorporated into daily
objects (weighing scales, chairs, rings, watches, cameras,
shirts, and mobiles) [21-27]. Recent research focuses on
continuous and cuff-less BP monitoring techniques based on
pulse transit time (PTT), pulse arrival time (PAT), and ultra-
sound. Among these advanced techniques, the PTT-based
approach shows better results and higher accuracy rates.

BP is influenced by many factors such as various abnor-
malities in cardiac output, blood vessel wall elasticity, cir-
culation blood volume, peripheral resistance, respiration,
and emotional behaviour [28]. Importantly, the complex
and dynamic nature of the cardiovascular system necessi-
tates that any BP monitoring system should benefit an intel-
ligent technology that can select and analyse compelling BP
features. Therefore, this idea has motivated researchers to
investigate the use of latest machine learning technology
to extract the best features required for BP monitoring and
modelling the cardiovascular system accordingly to meet the
advancement of medical instrumentation (AAMI) [29] or the
British Hypertension Society (BHS) standard [30].
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This paper aims to provide a comprehensive review of
the most common BP measurement techniques as well as
challenges and opportunities for future study. An extensive
search was conducted on the most reliable scientific data-
bases including Google Scholar, PubMed, IEEE Xplore,
Scopus, and ScienceDirect. The keywords used in the search
were “blood pressure monitoring”, “continuous non-invasive
measurements”, “pulse transit time (PPT)”, “photoplethys-
mogram (PPG)”, “pulse arrival time (PAT)”, “cuff-less
monitoring”, and “ubiquitous measurement”. The inclusion

criteria for this search were:

1. Peer-reviewed articles published as a journal article or
in conference proceedings

2. Publication or reporting year 2015 (inclusive) to 2019

3. Continuous BP monitoring was the primary subject of
this study

4. Targeted article focusing on cuff-less BP monitoring
with advanced techniques

5. Written and published in English

In the following sections, first, classical non-invasive,
non-continuous BP measurement methods are briefly pre-
sented as background information. This is followed by a dis-
cussion of the current continuous BP monitoring techniques
along with their strengths and limitations, and finally, the
conclusion and direction for future research are presented.

Background on existing classical
non-invasive and non-continuous BP
measurement techniques

The auscultatory method involves standard clinical cuft-
based BP monitoring. It measures SBP and DBP using a
sphygmomanometer. This non-invasive method employs an
inflatable cuff. A stethoscope is placed at the brachial artery
and is used to listen to the Korotkoft’s sounds during cuff
deflation. Then, SBP is estimated as the first sound detected
and DBP is determined at the moment the Korotkoff sound
disappears [31]. However, it cannot be used for continuous
measurement of BP since there must be a time gap of three
minutes between any two measurements [32, 33].

The oscillometric method is very similar to auscultation
and is a popular automatic technique for measuring SBP,
DBP and mean BP. This technique also involves an inflatable
cuff with a built-in pressure sensor [34]. The pulsatile BP
in the artery is measured during cuff inflation and deflation.
This method even indicates tiny oscillations in cuff pressure
[20] and is normally employed when Korotkoff sounds are
difficult to hear [19]. However, the main disadvantage of this
method is the sensitivity to motion artifacts [34]. Moreover,
Fibrillation, obesity, respiration, and atherosclerosis can also
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affect the accuracy of this type of BP measurement method
[35, 36].

Volume clamping as another non-invasive and auto-
matic method was first introduced by Penaz in 1973 [21].
This method employs a small finger cuff containing a PPG
to absorb infrared light and estimate blood volume [19].
Using this methodology, the Finapres medical device was
developed in 1986 [37]. However, this technique is cuff-
based, bulky and the finger cuff can be uncomfortable for
the patient.

Tonometry is another non-invasive beat-to-beat BP meas-
urement technique in which a monometer-tipped probe is
placed over a superficial artery against the skin to indicate
the maximum pulse pressure constantly. This technique
needs a cuff-based calibration to achieve the desired accu-
racy [38]. One of the significant drawbacks of this technique
is the difficulty in manually or atomically positioning the
probe on the artery.

In sum, none of the classic BP measuring methods is suit-
able for ambulatory, continuous, and cuff-less BP monitor-
ing due to lack of accuracy during constant and long-term
monitoring. Besides, these techniques are inconvenient
for children and the elderly, and cannot be used in remote
healthcare systems. A comparison of the existing BP meas-
urement techniques in terms of advantages and limitations
is summarized in Table 1.

Table 1 Comparison of existing BP measurement techniques

Advanced continuous and non-invasive
techniques for BP measurement

Given the increasing prevalence of non-communicable
diseases (like heart attacks and stroke) and increasing the
median age in the population [39], a growing interest exists
for providing a continuous and ubiquitous BP monitoring
method with cuff-free calibration that minimizes any dis-
comfort for patients. Currently, the most clinically adopted
continuous BP monitoring method is the intra-arterial cath-
eter that can be used only in the intensive care unit (ICU).
Even though this method is considered the gold standard
for BP measurement, it is invasive [40]. It is typically per-
formed using a high-pressure plastic tube that connects to
the peripheral artery of the patient with a catheter. The most
common site for cannulation is the radial artery as this is
associated with a low rate of complications. Although this
technique has high accuracy and high precision, this intra-
arterial method is associated with bleeding, infection risk,
and nerve damage [41, 42].

Method Periodicity Long-time

monitoring

Advantages

Disadvantages

Auscultatory [31, 32] Discrete-time No
— Inexpensive

— Non-invasive

Oscillometric [34, 35] Discrete-time Yes

monitoring
— Non-invasive

Tonometry [19] Beat-to-beat  Yes

— Non-invasive

Volume clamp [38] Continuous Yes

— Non-invasive

— Clinical “gold standard”

— The most popular automatic meas-
urement method used for long-term

— Beat-to-beat measurement
— Continuous BP measurement

— Continuous BP measurement

— Non-continuous measurement technique
— Supervision requirements

— Cuff-based

— Uncomfortable for long-term monitoring

— Non-continuous measurement technique

— Cuff-based

— The automatic measurement is noisy and
painful because of inflation and deflation

— Uncomfortable for long-term monitoring

— Sensitive to the stiffness of the arteries

— Continuous control of the positioning of
tonometer over the radial artery needed

— The subjects need to be in a supine position
during monitoring

— In long-term monitoring the accuracy and
comfort decrease

— Sensitive to anatomical skin abnormalities

— In practice, needs calibration via the cuff
whenever a BP changes

— Oxygen decreases in the tissue under the cuff

— Effects by blood circulation

— Effects patients comfort in long-time moni-
toring

— Bulky

— Limited only to bedside uses
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PTT-based modelling approaches

The PTT is defined as the required time for the pulse pres-
sure wave (PWYV) to propagate between two arterial points
within the cardiovascular system. The mathematical rela-
tion between PWV and the elasticity of the arterial vessel
is described by the Moens-Korteweg (M—K) Eq. (1) below:

Eh

PWV =4/ —
pD

ey
where E is the elasticity of the artery, £ is wall thickness of
arterial, p is the blood density, and D is the artery diameter
[43]. The PTT is usually measured as the time difference
between the R wave of an electrocardiogram (ECG) and the
specific points of the PPG (Fig. 1) [44]. PPG is a non-inva-
sive, continuous, low-cost, and well-developed technique for
measuring the distal signal. However, a PTT measurement
only from the ECG and PPG signals may not be an accurate
method for BP estimation since BP is related to a complex
set of parameters such as tissue compliance, muscle tone,
peripheral resistance, and ventricular contraction [44].

A new indicator, the photoplethysmogram intensity ratio
(PIR) has been presented by Xiao et al. [45, 46]. The PIR
was defined as the ratio of PPG peak intensity to valley
intensity which contributes to the change in arterial diam-
eter and is capable of tracing low frequency (LF) variations
in BP. The ratio of the PPG peak intensity to the PPG valley
intensity of one cardiac cycle was determined by the PIR
[46] The author combined both PIR and PTT methods to
develop a new BP measurement algorithm. PTT is advanced
to track the BP in the high frequency (HF) range and PIR

PTT

Fig. 1 Graphical explanation of PTT
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in the LF range. To validate the results, a total of 27 sub-
jects were selected for this experiment. The results of BP
measurement using the proposed technique compared with
Finapres measurements as a reference method to confirm the
influence of vasomotor tone on LF components and accurate
results [47]. However, the results needed to be validated with
a gold standard that involved adequately powered studies
with a sufficient number of patients with CVD and who are
monitored over the long term.

Following the PIR study [46], a new feature related to BP
named the intensity ratio of the first derivative wave of the
PPG (1th dPIR) has been proposed by Wan-Hua et al. [48].
Where 1th dPIR was calculated by differentiating the origi-
nal PPG wave and likely to remove the low frequency and
bassline noise to improve the accuracy. Twenty-two healthy
volunteers participated in mental arithmetic stress and Val-
salva’s manoeuver tests. The Finapres device was used as a
reference, and the result showed standard deviation errors of
3.22+8.02 mmHg and 3.13 +4.82 mmHg for SBP and DBP
estimation respectively. The proposed method is linear and
makes the character points of the waveform more visible so
it could improve the accuracy of BP estimation. Regarding
the sample size of the subjects, this study didn’t meet the
requirement of standards.

Jing Liu et al. [49, 50] used a four-channel PPG signal
system to collect the PPG waveform of the different blood
vessels to estimate PTT. A simple infrared (IR) at only one
body location was used to measure the time interval between
the PPG signals at different skin depths as a PTT. Six signals
including ECG, continuous BP measured by Finapres, Blue
PPG, green PPG, yellow PPG, and IR PPG signals were
collected and analysed through an algorithm. Eventually,
the peak amplitude of continuous BP was identified as a
SBP measurement. This technique eases the integration of
the system and the architecture which makes it also suitable
for wearable cuff-less BP monitoring. Although MW-PPG
produced better results compared to previous methods, the
size of PPG sensor need to be miniaturized, and the effect
of motion artifacts should be considered for BP estimation.

A combination of contactless image-based PTT (iPTT)
and image-based PPG (iPPG) using a high-speed camera
has been introduced by Cheol et al. [51, 52]. The inter-
val time between the arrivals of the pulse wave at two
body locations is measured with iPPG using an analysis of
sequential images. The images were obtained using a high-
speed video camera with the subject in the seated posi-
tion. The potential feasibility result of this research was
validated in a small preliminary ‘in vivo’ assessment with
seven healthy volunteers. The iPPT data was calculated as
the time interval between the derivative of the face blood
volume pulse wave (FdBV) and a derivate of the right-
hand palm blood volume pulse wave (HdBV). The iPTT
and SBP had a high correlation in each subject compared
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to the high-precision clinical automated oscillometric
method results. However, individualized calibration is
needed for this method as iPPT versus the SBP slope will
be different in each subject depending on the light reflec-
tion, skin penetration, and the pulse wave propagation.

In [53] the author employed a linear regression algo-
rithm to estimate the PTT. The correlation between the
ECG and the PPG in five different positions (recumbent,
seated, standing, walking, and cycling) in 14 healthy
subjects have been estimated. The main concern of this
research was considering the effect of patient’s activities
on PTT-based estimation. For this purpose, a wearable
biomedical device was used to capture and record three
channels of ECG and one channel of PPG by the local pod.
A customized Matlab algorithm was designed to compute
the PTT automatically from the PPG and the ECG signals.
The results were compared to the reference standard and
the root-mean-squared-error was within 1% of the standard
measurement. However, this technique has shown accurate
result the seated or standing positions, but not during other
positions. Moreover, this approach needs a cuff-based
method for calibration.

An affordable, simple, and portable BP estimation
method has been proposed by Aishwarya et al. [54] to moni-
tor the SBP and DBP. This technique required a smartphone
camera to capture only the PPG signal by placing a finger
over the camera lens of an iPhone 4. A total of 17 features,
including the time domain features of the PPG signals and
the height, weight, and age of each subject were used to
train the system. To detect and remove the noise of the PPG
signal, a finite state machine (FSM) was applied as a pre-
processing system. Two different training model was used
for estimation and the result of both models has been com-
pared. The results showed that the support vector machine
(SVM) model had a better performance in comparison with
the linear regression model. In addition, to evaluate the pro-
posed method, the University Queensland Vital Sign dataset
and outcomes from 17 healthy subjects have been used in
the experiments. Although the results approved the ability
to use this technique in BP estimation, this study involved
only an iOS, and so an Android device capability should
be considered in future work. Moreover, the feature selec-
tion method needs to be improved in order to capture more
parameters related to BP.

A PTT-based technique using wearable BP device con-
trolled by a smartphone has used to estimate the BP conti-
nously [55]. Both ECG and PPG signals were captured via
the PPG and ECG sensors. A peak detection algorithm from
previous studies was employed to extract the BP features
from the PPG signal. Eventually, Matlab software was used
for testing, calibrating and estimating the BP. An Android
application was developed to allow users to monitor their
ECG, PPG, SBP, DBP and heart rate indexes.

Moreover, a new PPG sensor with four LEDs which can
detect different blood vessels and different blood volume
has been introduced. The result showed that the new sen-
sor provided a 30% current saving compared to a one LED
case. The adaptive threshold algorithm was used to test ten
recordings from the MIT-BIH database. The results showed
a reduction in both power consumption and motion artifacts
(MA) disturbance.

Aliar et al. [56] also used a smartphone camera and
microphone to measure PTT and then estimate the BP. PTT
was calculated as the time difference between blood leaves
the heart and the time it reaches to the finger. For measuring
these two values the heart sound recorded using a smart-
phone’s microphone and its camera as a PPG sensor to meas-
ure the pulse wave respectively. To achieve a reliable heart
rate, a combination of autocorrelation and a Fast Fourier
Transform (FFT)-based algorithm was used to detect the
exact moment the pressure pulse reached the distal point.
The proposed method involved processing the PPG and
PCQG signals to estimate the PTT using inexpensive sensors.
Although the results were within the acceptable range and
could detect the beat-t-beat variations of PTT, the sample
size was relatively small, and the results need to be validated
with the gold standard and during motion. Moreover, posi-
tioning the smartphone correctly is very difficult for users.

A dual-modality arterial pulse monitoring system was
proposed to overcome the limitation of the PTT-based tech-
nique.[57]. In this method, a pressure—volume cure was cre-
ated by recording the pressure wave and PPG signals related
to the radial artery. Then the elasticity index (EI), and vis-
cosity index (VI) was extracted to calculate the PTT. The
pressure wave and PPG signals were collected from seven
healthy subjects, and at the same time, ECG and BP signals
were monitored by Finapres device as a reference. The aver-
age correlation of EI, VI, and PTT was compared, and the
results showed that both EI and VI have a high correlation
with SBP and DBP compared to PTT. Even the combination
of EI and VI had a significantly higher correlation coefficient
than PTT. However, this method could not track the BP in
low-frequency due to the vasomotor tone.

A novel method to estimate the PTT using a seismocar-
diogram (SCG) was proposed by Chenxi Yang and Negar
Tavassolian [58]. A three-axis MEMS accelerometer was
strapped to the chest wall of a subject to record the SCG
signal. A customized microphone sensor and pre-amplify-
ing circuit were placed inside the ear to record the distal
arterial location data [58]. At the same time, a cuff-based
BP monitor recorded DBP and SBP every 30-40 s as a
reference. All high-frequency SCG signals were removed
by an infinite impulse response (IIR) filter. Likewise, all
the PPG signals underwent a finite impulse response (FIR)
filtering. All the synchronized data were then fed to the
Matlab so that PTT could be calculated. Although a high
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correlation coefficient was obtained in this study, the age
and a small number of subjects (ten only), limited the gen-
eralisability of these results to daily life.

As PTT mostly calculated from ECG and PPG signal
and very related to pulse wave (PW) shape, an algorithm
was proposed to remove the effect of artifacts and move-
ment of subject on PW signal [59]. A “Seven Step PW-Fil-
ter” algorithm was proposed to remove the inappropriate
PW characteristics which not related to PTT calculation
to improve the accuracy of the measurement. Compared
to previous studies on manual/visual filtering, the pro-
posed algorithm achieved 99.3% accuracy in detecting any
unwanted PW. Moreover, elimination using the seven-step
PW-Filter was much faster compared with manual elimina-
tion. Further experiments need to be considered including
CVD subjects in a different position.

Bassem et al. [60] used a combination of synchronized
ECG, PPG, and bio-potential based impedance (Bio-
Z) to estimate the PTT. All the signals were filtered by
a low pass filter in order to remove high frequency and
noise. After filtering, the ECG, Bio-Z and PPG signals
are analyzed to determine the points of R peaks in ECG,
the points of maximum negative slope of the Bio-Z and
maximum positive slope of the PPG in order to calculate
the corresponding PTT values. To evaluate the results
of this method, the outcomes were compared with PPT
measured from only ECG and PPG signals. The result of
experiments done in vivo gave a correlation coefficient
of 0.92 which correlates closely with previous measure-
ments. These outcomes suggest that this method could be
used as an alternative to establishing a PTT measurement
technique for ambulatory and cuff-less monitoring. How-
ever, a reliable calibration for long-time monitoring needs
to be investigated.

A watch-based system (SeismoWatch) to estimate the
PTT using SCG and PPG signals were presented by Andrew
et al. [61]. A prototype watch included an accelerometer to
measure the SCG, and photodiodes and LEDs were designed
to measure PTT and estimate the BP without the need for
a cuff. The watch is pressed against the sternum to meas-
ure the micro-vibrations of the chest wall associated with
the heartbeat. The time that a pulse wave travels from the
heart to wrist calculated with an accelerometer and optical
sensor mounted on watch as PTT. This is the first time that
this technique was used in an at-home setting rather than
a clinic environment and supine position. To validate this
study, three different sections were considered for 13 healthy
subjects who participated in the experiment; one minute of
rest, one minute of exercise, and five minutes of recovery.
The results were indicated that the accuracy of this watch-
based method improved significantly compared to a conven-
tional BP monitoring method. However, this technique needs
cuff-based calibration, and only young and healthy subjects
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were selected for validation. Moreover, PTT was calculated
through the brachial arteries rather than the larger arteries.

Less computation makes any technique more suitable for
use as a wearable BP monitoring device. Hence, a single
PPG signal feature has been proposed by Yang et al. [62]
The mean slope transit time (MSTT) as a new and only
feature with more stability compared to the slope transit
time (STT) was introduced in this study. Ten subjects with
no CVD history participated to validate the method. All
subjects were in the supine position, and all signals were
recorded for five minutes. The results showed the mean error
of — 0.90 +3.84 mmHg and — 0.31 +3.36 mmHg for the
SBP and DBP estimation respectively, which determined
a better performance compared to the conventional PTT
method. An obvious limitation of this study is that only
healthy and young people participated in the experiment.

In order to estimate PTT and PATat the central of arter-
ies, an electrical bio-impedance (BImp) ECG across the
shoulder, and continuous wave radar antennas on the ster-
num were used by Buxi et al. [63]. The Pan-Tompkins algo-
rithm was employed to detect the ECG R-peak and a tangent
hyperbole function was used to calculate the arrival of the
BImp pulse wave, and finally, the radar signal was used to
estimate the PTT. The result was validated with six healthy
male subjects during exercise. The proposed architecture can
be utilized while completely hidden under patients’ clothes,
making it suitable for ambulatory BP, sleeping time and dur-
ing exercise. However, this method only has the potential to
estimate SBP a method for positioning the antenna in terms
of the electrical axis, size, and female anatomy need to be
studied.

According to the clinical demand for cuff-less ambu-
latory BP monitoring, Josep Sola et al. [64] introduced a
method to estimate mean arterial pressure (MAP) using the
chest-BP sensor. The proposed method required two meas-
urements. First, impedance cardiography (ICG) technology
was used to estimate the opening time of the aortic valve,
and then a multichannel PPG was employed to measure the
arrival time at the sternum. Finally, PTT determined the
time difference between the PAT and a pre-ejection period
(PEP). The results were validated with 15 healthy subjects,
and overall baseline MAP values were 80 + 6 mmHg, and
maximum MAP values of 107 +9 mmHg during handgrip
maneuvers. Also, the method was tested with six different
calibration strategies for each subject. It has been proven
that this method can provide continuous BP monitoring in a
clinical environment. However, the subjects involved were
all healthy, and only the single stress maneuver was consid-
ered. Also, the results were compared with a single brachial
oscillometric device and not with the gold standard.

In [65] a system to integrate both electrocardiography
and BP measurement by adopting transit pulse time was
proposed. The PTT was defined as the systematic time
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lay off between oscillometric pulses and R-peaks of ECG
waveform. The major advantage of the system is to exhibit
non-zero crossing and gives a more accurate result. They
evaluated their method only for thirty seconds and didn’t
mention the number of subjects involved in the experiments.
Although the proposed method increased the accuracy of
BP measurement, further evaluation needs to be done in a
long period.

In conclusion, this section on PTT-based techniques indi-
cates that most techniques employed the ECG for proximal
timing reference and PPG to measure the distal waveform.
Additionally, some studies use the ICG, BCG, and SCG to
determine the PTT through cardiac mechanical vibration
information. Interestingly, the PTT/PWYV based technique
revealed the high potential for cuff-less BP measurement and
PTT consider as one of the most related features to BP varia-
tion. Nevertheless, we have found that the low accuracy rate
of long-term monitoring and lack of acceptable validation
are the main bottlenecks of most PTT-based techniques. It
is difficult to compare the results of all previously discussed
methods as they are using different evaluation techniques.
However, a comparative analysis of PPT-based techniques
in terms of the number of extracted features, experimental
tools, sample size, and type of calibration is presented in
Table 2.

Ultrasound-based methods

The ultrasound can track the diameter waveforms and ves-
sel wall thickness accurately [66]. Any artery which is vis-
ible for ultrasound can be monitored with this technique.
Most ultrasound-based techniques do not require cuffs for
measurements. Furthermore, this user-friendly method can
indirectly measure pulse wave velocity (PWV) and estimate
BP for long-time monitoring. Some of the ultrasound-based
studies are discussed below.

A new non-invasive continuous BP monitoring has been
presented by Weber et al. [67] using ultrasound to detect the
blood velocity in the wrist vessel. A polyurethane balloon
was placed over the wrist radial artery to measure the blood
velocity. The BP was controlled by an ultrasound sensor and
voice coil actuator placed on the lower arm. A microcon-
troller Arduino DUE R3 board including an iterative learn-
ing controller (ILC) and a proportional-integral-derivative
controller was implemented to control the balloon pressure
and adjust the collected ultrasound signals. This method can
provide BP monitoring for over 24 h and does not require
a cuff. However, the balloon attached to the wrist is com-
pulsory and the patient’s position change will affect the
measurements. Moreover, further analysis of the controller
is required and reducing the size of the voice coil actuator
power amplifier should be considered.

Joohyun et al. [68] estimated ABP by employing a
two-channel ultrasound system. PWV was calculated
based on a combination of arterial vessel cross-sec-
tional area and elasticity of the vessel. A flow phantom
including a diaphragm pump, a soft latex rubber, and a
reservoir was designed for the experimented setup. The
pre-processing of signals was done by a bandpass filter
to remove all the RF signal noise on both channels. The
feasibility of ABP waveform calculation was shown in this
research and the effect of PWV reflection on ABP was
discussed. The measured PW'V, using 16 cardiac cycles of
data was 8.47 +0.63 m/s with an associated scaling error
of —1.56 £ 14.0% in a direct pressure waveform compar-
ison, showing minimum error on average. To meet the
standard accuracy, the feasibility of this technique in vivo
needs to be further validated.

A calibration-free technique using a dual magnetic ple-
thysmograph (MPG) transducer and a single-element ultra-
sound transducer has been presented by Jayaraj et al. [69].
The measurement of arterial dimensions along with local
PWYV was needed for calibration-free evaluation. There-
fore, an arterial compliance probe from the carotid artery
was designed and validated for pulse pressure measure-
ment on superficial arteries. The results of this study vali-
dated with ten volunteers highlights the value in tracking
local PWYV changes and carotid pulse pressure. Although,
the measured local PWV obtained a large correlation with
brachial BP, the absolute value of local PWV and calcu-
lated carotid pulse pressure correlated at lower than the
previously reported value.

Aaron et al. [70] placed an ultrasound probe with force
measuring capability, on the carotid artery and then the
contact force between the probe and the patient skin was
slowly increased. Meanwhile, the ultrasound images and
contact forced data video were recorded. An optimization
Matlab algorithm was used to calculate the BP from the
video segmentation done by a Star-Kalman filter. Each
time the pressure was reported, an algorithm calculated
the patient-specific artery stiffness making it suitable for
the patients with atherosclerosis. Moreover, the pressure
measurement can apply to any artery and does not require
medical supervision. Nevertheless, obtaining BP through
this method takes a long time, and the result did not vali-
date with any clinically approved technique.

In sum, the ultrasound approach does not need the
inflatable cuff, so it does not affect patient comfort. Nev-
ertheless, the ultrasound device is large and needs cali-
bration to estimate absolute BP value. In addition, this
method depends on reliable detection of the foot of the
diameter waveforms and an appropriately high sampling
frequency.

@ Springer
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Table 2 (continued)

&

Important results

Evaluation (sample size/  Experiment time
population/situation)

Calibration

Experimental Tools

Key features

Definition of PTT

Ref

Springer

Suitable for ambulatory

16s

3/healthy/seated

PPG, Bio-Z

PTT

Time difference between

[60]

and cuff-less monitoring

Continuous
Cuff-less

the max negative slope

of Bio-Z and max posi-
tive slope of the PPG

Travelling time of blood

Estimation of the brachial

7 min

13/healthy/rest, exercise,

Cuff-based

Wristwatch

[61]

artery
Convenient

and recovery

from the heart to wrist

The measure of one typical

5 min

10/healthy/seated

ECG, PPG

Max slope of the upslope  Mean slope transit time

[62]

point
Suitable for wearable

of PPG

device

New indicator proposed
Eliminating the baseline

22/healthy

ECG, PPG

The first derivative of PW  1th dPIR

[48]

and LF noise

Linear

PAT-based methods

The PAT is defined as the sum of PTT and the time taken
for the opening of the aortic valve which is known as the
PEP. In this method, an ECG represents the proximal arte-
rial waveform and a PPG at the finger a surrogate of the
distal waveform, in which case PTT is known as PAT. A
great number of studies focus on PAT-based techniques
and some of them achieved accurate results compared with
actual BP. This section reviews some of the highlighted
studies carried out using the PAT-based method.

Braiam et al. [72] calculated the PAT as difference time
between R-peak of ECG and two points of PPG wave-
form, first is the maximum amplitude of PPG and second
is the sharpest slope of the rising edge of PPG. After initial
filtering, eight subjects from the MIMIC database were
selected for the experiment. A linear regression model was
used to show the relationship between the PAT and the
systolic, diastolic and mean BP. While the results showed
a strong correlation between BP and PAT, but the sample
size was not large enough to meet the clinical standards.

A chair-based method using PAT-based technique has
been presented by Zunyi et al. [73]. This system consists
of an ECG with four electrodes, a PPG sensor with green
lighting LED and a photodetector. Additionally, a control
circuit with a Bluetooth module and a high capacity bat-
tery was mounted on a common armchair. The ECG and
PPG signals were collected from users while they are in
sitting position. All the collected data transfer to a PC to
calculate the beat-to-beat PAT. A cuff-based method was
considered as a reference and the results were validated on
12 subjects with no CVD histories. In spite of the accept-
able results of this method, elderly subjects and hyperten-
sive people need to be involved in further validation and a
cuff-less calibration method needs to be considered.

The motion artifacts and daily activities reduce the
accuracy of the PAT-based technique. Qiang et al. [74]
used a Kalman filter to improve signal quality and over-
come this issue. The MIMIC II database was used to eval-
uate the method and the twenty signals including the ECG,
ABP, and PPG were selected. An FIR band-pass filter was
employed to filter all signals during the process and the
Pan-Tompkins algorithm was considered to select the
R-peak of ECG. The PAT was then calculated as the time
difference between the R wave and the synchronized PPG
signal. The least-square algorithm was used to calibrate
the PAT to BP every 30 min. A joint signal quality index
(JSQI) was used to adjust the Kalman filter and reduce
the effect of noise and artifacts on the PPG and ECG sig-
nals. The simple computation of the proposed algorithm
makes it very suitable for wearable devices. Neverthe-
less, the MIMIC II database has small BP variation, and
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different database needs to be used for validation of such
a technique.

A study has been conducted by Yali et al. [75] to vali-
date the accuracy of the PAT method on 24 subjects includ-
ing 15 hypertensive patients. A PAT-based cuff-less arm-
band wearable device including one PPG sensor and two
pieces of e-textile ECG patch was used every 15-30 min
to monitor the BP during daily activities. At the same time,
an experienced nurse measured the BP with an oscillomet-
ric BP device attached to the upper arm of the subjects.
The Bland—Altman plots were employed to estimate mean
SBP and DBP during the day and night-time activities. The
results showed that the PAT-based method could replace the
traditional BP monitoring for night-time ABP monitoring
via cuff-less and convenient monitoring methods. However,
the accuracy of this method on day-time is not accurate as
nigh-time.

Satu et al. [76] used an arm ECG and finger PPG to meas-
ure the PAT in four different methods. The PAT was esti-
mated as the time interval between the ECG R peak and four
different points in the PPG. Ten subjects in a seated position
were involved for measurements and the signal processing
was completed by using the Matlab program. The results
of different measurement techniques were compared, and
the first PPG signal derivative was considered as the most
promising method. To enhance the accuracy and increase
the reliability of the measurement, the signal quality in noisy
environments needs to be further investigated and improved.

In summary, the PAT has a correlation with BP and it
can be used as an indicator of big trends changes such as
hypertensive or hypotensive episodes. However, the ability
of PAT for continuous and non-invasive BP estimation is not
confirmed due to the limited experimental setup.

Machine learning-based techniques

Considering the fact that BP is the result of multiple param-
eters and highly influenced by various factors, multiple fea-
tures extraction BP monitoring methods could significantly
improve the accuracy of BP monitoring. Moreover, there
is a growing demand for automated BP monitoring to per-
form efficient daily regular home BP monitoring, aiming to
improve remote healthcare. Automated BP monitoring pro-
duces a significant amount of digital data, which increases
the rate of diagnosis and ideal treatments. However, the pre-
dictive analytics model of such big data is very challeng-
ing. Many recent studies have adopted machine learning as
an effective method in managing big data and predict the
risk factor of hypertension. By taking advantage of machine
learning computational power and ability to develop the big
data, the accuracy of machine learning-based BP monitor-
ing has been improved. The main idea is to extract multiple

features related to BP from time and frequency domains of
physiological signals, then use machine learning to elimi-
nate unwanted features and calculate the BP from extracted
data. In this section, a variety of different machine learning
techniques are reviewed.

Back-propagation neural network and radial basis func-
tion (RBF) network algorithms have been used by Tony
et al. [77] to predict BP. The aim of this study was to moni-
tor the SBP in young and middle-aged people and provide
them with early warning of a heart disease problem. SBP,
age, BMI, exercise level, smoking status, alcohol use level,
stress level, and salt intake level were collected from 498
subjects as a variable in this study [77]. The results were
more accurate for the RBF network, however, further study
needs to carry out with a bigger database. Although the
result obtained the average estimate error, the accuracy of
this system was not compared to the gold standard.

Similarly, the features including age, height, weight, BMI,
PTT, and BP were extracted via the ECG and PPG signals
in 75 healthy subjects in the supine position. The regression
forest technique was employed by Mototaka et al. [78] to
train the regression forests network and predict continuous
BP. A non-contact system consisting of a microwave sen-
sor for heartbeat detection and collecting ECG signal, and
a camera for facial PPG detection was used. Both devices
recorded the signals at the same sampling frequency and
synchronized. At the same time, the ECG and PPG of the
subject were recorded by a cuff-based sensor as a reference.
The results showed a high correlation coefficient of 0.7. The
proposed method is very suitable for remote health monitor-
ing if the future investigation has been done with a bigger
database.

The random forest (RF) method has been used to meas-
ure the ambulatory blood pressure by Rui et al. [79]. The
MIMIC-II database was used as training data. Total of 285
records with available ABP, ECG, and PPG signals was
selected. A derivative algorithm was used to detect 18 fea-
tures from the PPG signal. The extracted features were used
to train the random forest model and obtain BP. Although
this method is more accurate compared to the PTT-based
technique, the low speed of RF technique cannot be
neglected which might make some difficulty for real-time
monitoring. Also, the experiment was carried for one and
a half hours and the CVD subjects were excluded from the
database.

Yue et al. [80] used the SVM model to predict BP. To
demonstrate the pulse and pressure variation, training data
was extracted from the University of Queensland Vital Signs
Dataset. In order to train the network, nine features were
extracted from the PPG signal. The SVM method showed
better accuracy compared to the linear regression method
and arterial neural network (ANN) method. The accuracy of
this method needs to be improved to the clinical level. Also,
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the bigger sample data should be collected to get the optimal
parameters and exclude the outliers.

Xiaoman et al. [§1] were employed an FFT-based algo-
rithm to extract the amplitude and phase features from PPG
signals collected from a fingertip sensor. The back-propa-
gation ANNwas used to estimate complex and continuous
function. The extracted features were trained by ANN and
a Levenberg—Marquardt algorithm. The data related to 69
patients from the MIMIC II database and 23 volunteers
were used to validate the proposed method. The results were
compared with both gold standard and a commercial cuff
sphygmomanometer. Producing a more robust and clear PPG
waveform has remained a challenge for this study.

Zhihong Xu et al. [82] also used multi-parameter fusion
to improve the accuracy of BP measurement. Fifteen features
related to BP were extracted from the ECG and synchronize
PPG. Then a pre-processing algorithm was designed to de-
noise the signals. A simple algorithm was also employed
to extract the R-peak and other PPG features. The trained
data was fed to a back-propagation neural network to esti-
mate the beat-to-beat systolic and diastolic BP. then, an
optional calibration technique was considered to increase
the accuracy of the measurement. The results were validated
with seven healthy volunteers for 15 min in the supine posi-
tion. The Finometer device was used as a reference and
the mean + SD errors of the systolic and diastolic BP are
—0.41+2.02 mmHg and 0.46 +2.21 mmHg respectively,
which indicates high accuracy of the system [82]. However,
a bigger sample size including older people and those with
hypertension history was needed for further validation.

Fen Miao et al. [83] extracted 14 features related to BP
from the ECG and PPG signals to improve the accuracy of
BP measurement. The Genetic algorithm was used to select
the most critical features for each subject. The multivariate
linear regression (MLR) and the support vector regression
(SVR) were used to construct the BP model. Pearson’s cor-
relation coefficient (CC), the mean difference (MD), and the
difference in the standard derivation (SD) were calculated
for each subject in three static and dynamic and long-term
performances. Finapres BP measurement was used as a ref-
erence to evaluate the accuracy of the proposed method in
73 subjects. A large correlation was gained between the esti-
mated BP and the reference results for static and dynamic
estimation. The long-term estimation showed 20% less cor-
relation compared to the previous study. From one day to
three days and then to six months, the estimation error was
fairly stable for both SBP and DBP.

Kengo et al. [84] used only a PPG signal using a wrist
watch-type PPG to estimate BP via the data-oriented
method. Twenty features were extracted from PPG, an
acceleration plethysmogram (APG) and a preliminary
questionnaire to calculate the BP. The machine learning
algorithm was used to train huge collected data. A unique

@ Springer

cloud system was proposed to deal with BP and life-log
data through HTTP which would solve the data capacity
problem. To collect the daily data of patients, a smart-
phone application was created. The correlation coefficient
between the experiment results with 25 subjects and the
estimated result was 0.80. This method showed high accu-
racy, but it did not meet the clinical standard acceptance.

David et al. [86] measured aortic pulse wave velocity by
combining ballistocardiography (BCG), a bathroom scale
as impedance plethysmography (IPG), and height of the
subject in the supine position. The training data set includ-
ing the IPG and BCG signals were collected from 106
subjects to train the random forest algorithm. This group
included 12 people with CVD history and 28 smokers.
The accuracy and feasibility of the results were verified by
comparing with previous techniques, but it still needs to be
compared to the gold standard technique. BP monitoring
over a long period of time, different populations and dif-
ferent conditions also need to be investigated.

Jun et al. [85] extracted 26 features including amplitude
features, time domain features, age, and sex of subjects.
All these features were fed to a backpropagation neural
network algorithm after pre-processing to estimate SBP
and DBP. In order to show the efficiency of the approach
method, data relating to 10 subjects from the MIMIC
IT database were used to validate the result. The results
showed a mean error of 5 mmHg and a standard deviation
of + 8 mmHg compared to the gold standard. However,
sample size and measurement period time are not enough
to meet the clinical standards.

Linear regression models were trained for assessing the
linear range of the problem. The main idea of the multi-
ple regression analysis is to find which instructively vari-
ables contribute to the variation of the response variable.
The outcome of analysis will indicate if the final models
are not applicable when the target and features parameters
have a non-linear relationship. Moreover, the linear regres-
sion models are more efficient for implementation due to
their simplicity, being easy to train, requiring less training
samples, and being less prone to overfitting. To train the
algorithm, the static and dynamic PPT features were used
by Hsieh et al. [87]. The data related to five patients from
the MIMIC database were used to evaluate the experiment,
and the result shows better accuracy than the conventional
one. To reduce the deficiencies effect of internal and external
factors, the re-calibration process was proposed by authors
for the future direction of this study.

Deep learning is a type of machine learning which capa-
ble of supervised and unsupervised learning from data that
are unlabelled or unstructured. Deep learning has shown
promising results in biomedical technologies such as risk
assessment for hypertension [88, 89], and echocardiogra-
phy images analysis [90, 91]. Also, there are a few studies
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that have used deep learning techniques to monitor BP
continuously.

The Deep belief network (DBN)-deep neural network
(DNN) was proposed by Lee et al. [92, 93] to learn the
complicated nonlinear relationship between artificial fea-
ture vectors and the reference BP. The bootstrap technique
was used to generate eight artificial features from original
oscillometric waveforms. Consequently, a significant num-
ber of training samples from artificial features were used to
estimate the SBP and DBP. A total of 85 healthy subjects
in a seated position participated to validate this experiment.
The proposed method with artificial features has shown very
accurate results.

Su et al. [94] proposed a new deep recurrent neural net-
work (RNN) consisting of multi-layered long short-term
memory (LSTM) networks to address the accuracy issue
over long-term BP monitoring. The authors have selected
seven features from ECG and PPG signals to train the pro-
posed system. The experimental results show that the deep
RNN model achieves acceptable accuracy using static and
multi-day continuous BP datasets.

Zhao et al. [95] also used LSTM networks to design a BP
prediction model. The pulse wave signals related to 6 healthy
goats were collected in different time series. All the raw data
was filtered using FIR filter and divided by cardiac cycles
for future extracting step. Based on the previous studies,
ten of the most characters that related to BP was extracted
to train the LSTM network. The network implanted in the
tensorflow deep learning framework and the networks were
run in Matlab. The results showed a low mean square error
which is confirmed the feasibility of the proposed technique
to estimate BP. However, more reliable evaluation technique
needs to be used to meet the clinical standard.

In summary, BP is a complex parameter and it is highly
influenced by physiological and neurological factors. Hence,
concatenating multiple feature extraction methods could
obtain more accurate and clinically accepted BP measure-
ment methods. With the latest trends in increasing the BP
indicators and requirements for analyzing the complex big
data, recent studies have adopted machine learning as an
effective method for BP monitoring. The main idea is to
extract multiple features from the time or frequency domains
of physiological signals, such as ECG and PPG, then use
machine learning to eliminate unwanted features and cal-
culate the BP from the trained data. These methods have
attracted attention due to their computational power for a
reconstructing the BP as an output. Overall, the machine
learning-based obtained considerable prediction accuracy
for the BP model [79]. Among the variety of machine
learning algorithms, linear regression, neural network, sup-
port vector machine, random forest, and deep learning are
the most common models that have been used to develop
BP models. However, most of the methods are still at the

prototype stage and a further improvement in data size and
quality could improve the clinical validity of these methods.
Table 3, presents the state-of-the-art machine learning meth-
ods for cuff-less and continuous BP measurements.

Discussion

Accurate measurement of BP is essential to evaluate BP-
related risks, diagnose hypertension, monitor the treatment
response, and guide the management of diseases. Therefore,
the development of cuff-less and continuous BP methods
could provide a novel way to overcome various medical
problems. The assessment criteria for evaluating the accu-
racy of BP measurement is thus should be well established
before it is recommended for clinical use.

Among all existing studies, PTT-based techniques are the
most common models being used for cuff-less BP monitor-
ing. However, this study has indicated that there are still
issues and challenges need to be addressed for the pervasive
and ubiquitous BP monitoring. First, the arterial BP is deter-
mined by many other factors in addition to the PTT. Hence,
taking only PTT into the estimation cannot fully represent
BP. Second, most studies employed PTT to estimate the SBP
rather than DBP or MBP. Third, most of the studies have
attempted to use cuff-based and regular calibration to remain
the acceptable accuracy, a simple and cuff-less calibration
approach needs to be investigated taking into account the
convenience of the patients. Forth, the PTT/PWV methods
could be affected by the arteries diseases and most of the
reviewed studies exclude CVD patients from their valida-
tion data. It is essential to consider large databases include
both patients and healthy people to investigate the estima-
tion precision and robustness. Finally, as most of the stud-
ies compared their results with a cuff-based technology and
used a cuff-based device for calibration, the accuracy of the
reference device needs to be mentioned in any comparative
study.

Importantly, it is crucial that the BP measurement tech-
nique meets the standard for evaluating BP measurement
accuracy. The difference between test value and the refer-
ence value is considered as the accuracy of the device. This
accuracy could be calculated in terms of standard deviation,
mean absolute difference or absolute difference. Generally,
there are four standards with different criteria for evaluation
of the accuracy of BP monitoring device. These standards
are included the British Hypertension Society (BHS) stand-
ard [30], the Association for the AAMI standards [29], the
IEEE standard for Wearable, Cuffless Blood Pressure Meas-
uring Devices [96], and the European Society of Hyperten-
sion (ESH) evaluation standard [97].

Several machine learning-based studies have challenged
the limitation of PTT-based methods. It is found that the
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Table 3 Comparison of machine learning methods for BP monitoring

Ref Key feature Methods Evaluation (# of
subjects/population/

situation)

Experiment time Estimation error Important results

[77] BMI, age, exercise
level, and stress
level

ANN(BP/RBF) 498

[79] PTT,HR, time span RF/MLR 285/MIMIC 1I/ICU
[78] PTT, BP Regression forest 75/healthy/supine
[80] Wave crest, trough ANN/SVM 32/ICU
point, inflection
point, extreme value
of PPG signal
[81] Amplitude and fre- ANN/FTT 23/healthy and 65/
quency MIMIC II
[82] 15 features ANN(BP) 7/healthy
[83] 14 feature MLR/SVR 73/healthy
[84] 20 features ANN 25/healthy/seated
[85] Time features of ECG ANN/BP 10/MIMIC 1I/ICU

and PPG signals, the
amplitude features
of PPG signal

Estimate SBP

BMLI, age, exercise
level, and stress level
collected for each
subject

Analysing the lifestyle
condition and BP

1.5h SBP: 8.29 RF technique is slow
DBP: 4.44

30s 10 Noncontact BP meas-

urement
13 minto 4 hin Suitable for telehealth
4 weeks environment

SBP: 0.06 Fast and robust
DBP: 0.01

15 min SBP: — 0.41+2.02 Continuous

DBP: 0.46+2.21
SBP: — 0.001 +£3.102

High accuracy

1 day, 3 days, 6 High accuracy in short

months DBP: — time monitoring
0.004+2.199
5 min 2.13 Using cloud system
Recording life log
5 Fit in a clinical stand-
ard

performance and accuracy of BP measurements have been
improved by considering more comprehensive features
related to BP and employing multi fusion parameter extrac-
tion techniques. Machine learning as one of the most intel-
ligent, efficient, and popular technique has been used to
select optimal features related to BP and estimate BP con-
tinuously and non-invasively by combining physiological
and mathematical modeling. A wide variety of supervised
and unsupervised machine learning techniques such as SVM
and random forest were used to overcome the limitation
in complex mathematical concepts. However, to compete
with traditional BP monitoring devices, more studies need
to be conducted to evaluate the existing methods with the
ideal sample size. Moreover, it is possible to overcome the
main issues of analysing complex cardiovascular systems
by employing fast and straightforward algorithms to select
the features that can best define BP. Besides, it is critical to
allocate ample memory storage for implanting a continuous
BP monitoring device with big collected data in a clinical
setting.

Overall, this study indicated that there is a potential of
machine learning-based method for BP monitoring but
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none of the existing techniques possesses sufficient accu-
racy to allow them to replace traditional BP measurement
techniques. With the advanced architecture of deep learning
design, there is a chance to detect the best patterns for BP
estimation and overcome the non-linear complex biological
relationship. Optimized design of machine learning methods
could transform classic clinical methods to well-designed
clinical trial model and play a significant role in the early
stages of hypertension treatments. In the next studies, further
research and validation are needed to evaluate the accuracy
and validity of machine learning techniques in the clinical
setting.

Conclusion and Future direction

This review has focused on various non-invasive continu-
ous BP measurement techniques with great potential for
widely clinically use. It was found that methods such as
PTT-based and machine learning-based can enhance the
required accuracy of BP monitoring devices. Advanced
features of deep learning are inspiring researchers towards
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the adoption of Artificial Intelligence (AI) in clinical set-
tings. However, current machine learning methods are still
in their preliminary stage, and at this point, there is no
valid design to replace the traditional BP measurements.

This review paper investigated the current state of the
art of the continuous and cuff-less BP monitoring and dis-
cussed their challenges. It was found that while obstacles
in developing clinically cuff-less and continuous BP moni-
toring remain, the desire to finding an ambulatory technol-
ogy with connectivity online network is strong. Moreover,
the need for home-based technology is more evident in the
case of CVD and sleep apnea patients. The early diagnosis
and treatment of BP-related events could save lives. We
aim to consider the combination of more variables such
as dietary, environmental and physiological factors into
the conventional BP factors for further development of a
continuous BP measurement system.

The brain-spired mathematical models, known as Al,
have been used as primary tools in machine learning. They
are one of the most promising techniques to recognize pat-
terns of too complex functions and emulate the nonlin-
ear relationship between inputs and outputs of nonlinear
systems. Particularly, the deep learning class of machine
learning algorithms have shown promising results in bio-
medical technologies such as risk assessment for hyper-
tension [88], and echocardiography images analysis [90].

Considering the fact that convolutional neural network
(CNN) is the most popular technique used in deep learning
[98], we have found that a CNN-based architecture could
be investigated as continuous and cuff-less BP monitoring
technique using the ECG and PPG as input signals. One
of the significant benefits of such method is the ability of
CNNs to perform perception tasks, which allows them to
learn the BP relevant features from ECG and PPG signals
and skip the complicated feature extraction step. There-
fore, the first step would be choosing a suitable architec-
ture for the network and then train it with ECG and PPG
signals as a training set. The last layer of the network
would be a regression layer to estimate BP as the output
of the proposed system.

In the future, the wearable and ambulatory technology
will emerge as reliable, accurate, clinically adaptable, and
user-friendly technologies. These technologies will give the
chance of real-time risk factor modification based on data
from system biology, lifestyle, and electronic health records.
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