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Abstract
Blood pressure (BP) is a bio-physiological signal that can provide very useful information regarding human’s general health.
High or low blood pressure or its rapid fluctuations can be associated to various diseases or conditions. Nowadays, high blood
pressure is considered to be an important health risk factor and major cause of various health problems worldwide. High blood
pressure may precede serious heart diseases, stroke and kidney failure. Accurate blood pressure measurement and monitoring
plays fundamental role in diagnosis, prevention and treatment of these diseases. Blood pressure is usually measured in the
hospitals, as a part of a standard medical routine. However, there is an increasing demand for methodologies, systems as well
as accurate and unobtrusive devices that will permit continuous blood pressure measurement and monitoring for a wide variety of
patients, allowing them to perform their daily activities without any disturbance. Technological advancements in the last decade
have created opportunities for using various devices as a part of ambient assisted living for improving quality of life for people in
their natural environment. The main goal of this paper is to provide a comprehensive review of various methodologies for
continuous cuff-less blood pressure measurement, as well as to evidence recently developed devices and systems for continuous
blood pressure measurement that can be used in ambient assisted living applications.
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Introduction

Blood pressure (BP), defined as the pressure made by circu-
lating blood upon the walls of blood vessels, is an important
biomarker of cardiovascular health and indicator for general
health of a person [1]. It is considered as one of the most
important vital signs of the cardiovascular system [2]. Blood
pressure can variate due to some physical activity, anxiety,
medication and different emotions. Frequent changes in blood
pressure can be a sign of some health issue, especially if they
are accompanied by an increased blood pressure. High blood

pressure or hypertension, presents a global public health issue.
It is the most common cause of death and disability in the
world, and a major risk factor for aneurysms of the arteries,
stroke and peripheral arterial disease [3, 4]. According to
World Health Organization (WHO) report, high blood pres-
sure directly or indirectly causes deaths of nine million people
every year [5]. Hypertension rarely causes symptoms in the
early stages, so most of the patients with hypertension are not
even aware of its existence. Those who are diagnosed usually
not have access to early-stage treatment and therefore cannot
successfully control their illness over the long term. Having
high blood pressure for an extended period of time can dam-
age the vital organs such as kidneys, brain, heart, eyes, or
viscus. Because of this, hypertension is also called a silent
killer [6]. Daily measurement and monitoring of blood pres-
sure is crucial for early detection of health problems especially
heart problems and stroke.

Blood pressure is usually represented with three values:
systolic (SBP), diastolic (DBP) and mean arterial pressure
(MAP). Systolic pressure, is the blood pressure made on the
wall of blood vessels while the ventricles squeeze pushing
blood out to the rest of the body. The SBP is the maximum
pressure that occurs when the blood is pumped from the left
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ventricle into the aorta. Diastolic pressure is pressure made on
the blood vessel walls as the heart relaxes. The DBP is the
minimum pressure that occurs when the blood flows from the
atria to the ventricles. Mean arterial pressure is defined as the
average pressure in arteries during one cardiac cycle. MAP is
usually calculated using the following equation:

MBP ¼ 1=3� SBP þ 2� DBPð Þ

Possible methods for measuring BP

Two approaches exist for measuring blood pressure: invasive
and non-invasive. The invasive method uses a catheter, which
is a thin flexible tube inserted into the artery. Measuring BP
invasively requires experts such as physicians and doctors to
conduct the measurement and monitoring. It is very accurate,
but is usually restricted to hospital settings, for monitoring a
high-risk surgical patients and patients in the Intensive Care
Unit [7].

As for non-invasive BP measurement, there are various
techniques that provides either intermittent or continuous read-
ings. The standard way for arterial BP measurement is using
mercury sphygmomanometer. This technique is used more
than 100 years, and is still one of the most common method
for measuring BP. It uses an air-cuff, placed on upper arm of
the patient, which is slowly inflating in order to occlude the
blood flow in the artery. While the cuff is slowly deflated, the
Korotkoff sounds are detected with a stethoscope placed over
the brachial artery of the patient. The cuff pressures at which
the first Korotkoff sound is detected represent a SBP, while the
cuff pressures at which the fifth Korotkoff sound is detected is
the DBP. Because of this, the technique is also known as the
auscultative technique [8]. BP can be easily changed from
minute to minute, therefore, it is necessary to chart the results
over time in order to get an accurate assessment.

Oscillometry is another noninvasive intermittent BP mea-
surement technique that uses an inflatable cuff placed on the
arm or wrist of the patient to occlude the blood flow. Unlike
the previous technique, where the Korotkoff sounds were de-
tected, this uses a pressure transducer to record the pressure
oscillation, during the progressive deflation of the cuff. The
pressure at which a maximum oscillation is detected corre-
sponds to MAP, while the SBP and DBP are estimated from
the MAP and oscillation pattern, according to various empir-
ical algorithms [9].

A continuous 24-h BP monitoring is necessary and has
been intensively used in clinic for hypertension management
[10]. For continuous noninvasive BP measurement, a tonom-
etry or the volume-clampmethod can be used. Tonometry, is a
vascular unloading technique that uses a sensor placed over
the radial artery for recording the arterial waveforms. By

analyzing these waveforms, systolic and diastolic blood pres-
sure as well as other clinically useful information can be ob-
tained. In order to obtain a stable blood pressure signal, the
tonometry sensor must be protected against movement and
other mechanical artifacts [11]. The volume-clamp method
(based on the work of Peňáz [12]) measures finger arterial
pressure with an inflatable cuff combined with an infrared
plethysmograph, used to measure the diameter of the artery
in finger. The infrared light, emitted by the plethysmograph is
absorbed by the blood, while the light detector detect the sig-
nal caused by pulsation of arterial diameter during a heartbeat.
The pressure in the cuff is adjusted to keep the diameter of the
finger artery constant. Changes in cuff pressure is related to
blood pressure, so by analyzing these changes and using var-
ious algorithms, systolic and diastolic BP is obtained. Similar
to tonometry, the volume-clamp method is also sensitive to
motion, and cannot be used for BP measurement during nor-
mal daily activities. Also, some patient may feel discomfort at
the fingertip where the cuff is place, so it is recommended to
change the cuff to another finger after a certain period of time.
Continuous BP monitoring methods are relatively expensive,
compared to conventional intermittent methods, which is the
main limitation for their usage.

Technological advancements in the last decade have creat-
ed opportunities for the appearance of various Ambient
Assisted Living (AAL) systems and applications for facilitat-
ing health-related care [13]. However, in order to check a
person’s blood pressure during unexpected situations and to
obtain continuous measurements, there is a need for a porta-
ble, convenient device or apparatus, which is easy wearable
and doesn’t create an additional load on the user for everyday
use [14]. Recent developments in embedded systems, mobile
computing and wireless networks have made cuff-less contin-
uous BP monitoring possible, even outside of the hospitals.
Developed electronic systems, products and services, de-
signed for assisting and supporting people in everyday life,
can enormously encourage AAL as a way for improving qual-
ity of life for people living in their natural environment, re-
gardless of their age. This new approach can also improve the
management of the chronic disease through encouraging life-
style changes and making effective early detection and treat-
ment of many healthcare problems before they need costly
emergency intervention. There is an urgent need of new mon-
itoring systems which can include new sensor technologies,
algorithms and ambient intelligence that are capable to deal
with monitoring patients, conveniently and discreetly at their
homes, while performing their daily activities without signif-
icant disruption to their comfort or lifestyle [15–17].

The main goal of this paper is to provide a comprehensive
review of various methodologies for continuous cuff-less BP
measurement, as well as to evidence recently developed de-
vices and systems for continuous BP measurement in AAL
applications.
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Methodologies for continuous cuff-less BP
measurement

With advances in computing power and digital signal process-
ing as well as the growing need for personal health monitoring
products, computer-based (automatic) blood pressure assess-
ment and wearable sensors for continuous non-invasive BP
measurement have received significant attention. These trends
have also incited development of new methods that not only
support the popular oscillometric technique but, also provide
BP estimation from electrocardiogram (ECG) signals,
photoplethysmogram (PPG) signals, or their combination in
order to obtain more precise results [18].

Cuff-less noninvasive BP estimation methods are inten-
sively researched in the last decade. Several research groups
have developed cuff-less wearable BPmonitoring devices that
allow patients to continuously monitor BP without interfering
with their daily activities [14, 15, 19–23]. Depending on the
input signals used for BP derivation these methodologies can
be classified in three categories:

1) BP estimation from ECG and PPG signals
2) BP estimation only from PPG signals
3) BP estimation only from ECG

Electrocardiography (ECG) is the process of recording the
electrical activities of the heart over a period of time. It is a
non-invasive, painless test, very commonly perform to detect
cardiac problems or to monitor the heart’s status in many
situations. ECG usually uses sensors (electrodes), placed over
the skin that can detect the electrical signals from the heart.
Signals from these sensors are brought to simple electrical
circuits with amplifiers and analogue–digital converters.
ECG consist of three waveforms: P wave, QRS-complex,
and T-wave (Fig. 1). The P wave looks at the atria, the QRS-
complex looks at the ventricles and the T-wave evaluates the
recovery stage of the ventricles while they are refilling with
blood. Like any electrical signal, ECG can be susceptible to
different kinds of noise, caused by other body muscles move-
ments or poor contact of electrodes or noise arising from the
equipment itself. Removal of unwanted noise is one of the
main challenges in ECG signal preprocessing part [24–27].
Various techniques are used for removing these artifacts, like:
adaptive LMS filtering, adaptive RLS filtering, Savitzky-
Golay filtering or discrete wavelet transform (universal and
local thresholds) [27].

Photoplethysmography (PPG) is optical technique used to
estimate the skin blood flow using infrared light. This is non-
invasive technique that measures relative blood volume
changes in the blood vessels close to the skin. The changes
in blood flow can be detected by PPG sensors as changes in
the intensity of light, because the light is more absorbed by
blood than the other surrounding tissues. PPG signal is

typically obtained from the finger. The PPG finger sensor
contains a light emitting diode (LED) and a photodetector
(PD) which are usually set on the opposite side of the finger.
The light is emitted from the LED (usually infrared or red
light) and a small part of light intensity changes is detected
by the PD. These changes may depend on blood vessel wall
movement, blood volume, blood flow, as well as the orienta-
tion of red blood cells in the underlying tissue [28].

A PPG signal (Fig. 2) is composed of an AC component
and a DC component. AC component is the pulsatile part of
the PPG signal and it is obtainedwhen light passes through the
arterial blood. This component is strongly related to changes

Fig. 1 Typical ECG signal

Fig. 2 Typical PPG signal and its Second derivative wave
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in the pulsatile pressure and pulsatile blood volume and also is
synchronous with the heart rate. The DC component is the
non-pulsatile portion, and it is obtained when there is absorp-
tion of light by blood in veins, bones and tissues [29]. PPG
signal have important information about the blood pressure,
respiration, heart rate variability, etc. The time period of each
pulse depends on heartbeat, the concentration of various con-
stituent parts of arterial blood and path length of light travel-
ling through the arteries [29–32].

ECG and PPG signals are closely related and depend on the
age of the subject, his day-to-day activities and his health, and
can therefore be easily changed, especially PPG signal.

BP estimation from ECG and PPG signals

ECG together with PPG signals are the most common combi-
nation for assessing BP in a cuff-less continuous monitoring
systems, because they are essential for calculating the Pulse
Transit Time (PTT). When the heart beats, it pumps blood to
all parts of the body. The speed of heart beating is directly
proportional to BP. The time it takes for blood to reach the
certain location in the human body is inversely proportional to
BP and is called pulse transit time (PTT). The speed of this
travel corresponds to the pulse wave velocity (PWV). By con-
tinuously measuring PTT, SBP and DBP can be estimated
[33–35].

PTT can also be described as the time needed for the arterial
pulse pressure wave to propagate through a length of the arterial
tree. PTTmethod has been the most commonly employed tech-
nique for cuff-less BP measurement. There are two typical
methods used to calculate PTT from ECG and PPG. The first
one, uses the time delay between the peak of the R-wave in
ECG and the fingertip PPG (Fig. 3) to calculate the PTT [36],
while the second one, measure the delay of different PPGs
acquired from different parts of the body [37–39].

PTT has shown good correlation especially with SBP. In
[40] different models for obtaining systolic blood pressure
have been presented and a comparative analysis has been
made. These models are based on linear, quadratic and expo-
nential assumptions [41–47], and use different mechanisms
and deduction processes, where a, b and c are constants:

1. SBP = a ln(PTT) + b
2. SBP = a PTT−1 + b
3. SBP = a PTT + b
4. SBP = a PTT2 + b PTT + c
5. SBP = a PTT2 + b
6. SBP = a eb PTT

7. SBP = a PTT−2 + b

The relationship between PTT and BP can be analyzed by
using linear [10, 48, 49] or nonlinear regression [50, 51]. Least
Square algorithm is a prevalent statistical regression method
that has been widely employed in many applications [34, 49,
52, 53]. Alternatively, a kernel regression approach can be
used [54]. Many other works tried to fit regression models
for BP estimation using PTT [35, 55, 56]. In order to describe
more accurately the relationship between PTT and BP various
machine learning methods are used [14, 57–60].

Studies have shown that the correlation between BP and
PTT is significant, but depends on many parameters, which
can vary among different patients [41, 61]. Because of this,
some researchers proposed a personalized estimation model,
using calibration [10, 62, 63]. According to them, initial and
periodical calibration is necessary to obtain acceptable BP
estimation. However, for the initial calibration an additional
BP monitor as a reference is required. Also, calibration takes
time and could be valid for a short time, after which re-
calibration is required [42].

To overcome this issue, several calibration-free methods
were proposed for accurate and reliable estimation of BP.
They used support vector machine (SVM) to train and predict
BP [64], or a combination of machine learning and signal
processing algorithms [65], or artificial neural network with
multilayer feed-forward back propagation algorithm [59]. A
framework, for continuous and cuff-less estimation of BP, was
proposed and evaluated in [55]. Here, PPG and ECG signals
are first denoised and after that, their informative features are
extracted. These features later serve as an input to a regression
model, which calculates the BP value. The evaluation shows
that the proposed algorithm works reliably without need for
calibration, but for further improvement of the system’s accu-
racy, the authors suggested an optional calibration procedure.
Because, not all parameters from PPG and ECG are indicative
of BP, in order to automatically trim the redundant parameters
a sparse regression-based approach can be used [66].
Comparing with other BP predictive techniques the proposed
method yields better results, especially for DBP estimation.Fig. 3 PTT determined by the ECG and PPG
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The PTT-based BP calculation may not be sufficiently pre-
cise because the regulation of BP in the human body is a
complex and multivariate physiological process. Therefore,
some additional parameters such as, Heart rate (HR) [40, 52,
67], Pulse wave velocity (PWV) [68, 69], pressure pulse wave
(Fig. 4) [48], the photoplethysmogram intensity ratio (PIR)
[58], pulse width (PW) (Fig. 5) [70] and Pulse arrival time
(PAT) [71, 72] can be used for more accurate BP estimation.
Results of these studies have shown that models using an
additional parameter are more precise than those who perform
BP estimation only from PTT.

Another cuff-less and continuous BP measurement system
was developed using a combined PTT and a modified
oscillometric method - that eliminates an inflatable pressure
cuff [73, 74]. Two sensors placed at the wrist and the index
finger were used to estimate BP. This allows patients to move
their hand freely, which is one of the benefits of this new
promising approach.

BP estimation only from PPG signals

Because PTT can be obtained with PPGs acquired from differ-
ent parts of the body, estimation of BP only by PPG is possible.
PPG is a simple, low-cost and portable optical tecnique that can
be used in detecting blood volume changes in tissue. This tech-
nique can be used for developing a portable real-time unobtru-
sive systems capable of continuously monitoring patients for a
long period of time in static and dynamic conditions. It has been
proven that the meaningful PTT information can be extracted
from non-invasive, continuous forms of pulse wave measure-
ments via PPG. The reflective sensor should be placed either on
a top of the radial or ulnar artery in close proximity to the wrist,

depending on the emerging signal quality. The finger clip can
be positioned on any finger. PPG signals obtained on this man-
ner, can be further processed by continuous wavelet transform
(CWT), where CWT is used with a fixed range of scales [75].
F i n g e r p h o t o p l e t h y smog r a p h y t o g e t h e r w i t h
ballistocardiography (BCG) can also be used for estimation of
BP variability for a particular subject [76]. The study has shown
that BCG can be a valid and unobtrusive alternative of ECG.

Some studies are proposing multi-site PPG measurements
for obtaining PTT. But, taking measurements on obtrusive
locations, such as toes or finger, may restrict movement.
Also these parts of the body are usually covered by clothing.
Therefore, these kind of measurement should be avoided. For
these reasons, in [77], authors proposed a system where mea-
surements from the facial arteries are used. The system is
integrated into a pair of glasses, and aimed to be used in
everyday life. The results of the evaluation show that the de-
vice can be used for continuously and unobtrusively monitor
BP on a short term basis.

More and more researchers are biased on the fact that there
is a linear correlation between the BP and duration of heart beat
that can be computed from the PPG signal. But, experimental
studies and tests made with different signals have shown that
this correlation not always have to be linear. Because of this,
machine learning techniques have been applied in some studies
[78–80]. In [78] two machine learning algorithms: incremental
gradient descent and Neural Network were evaluated. The re-
sults have shown that Neural Network outperforms linear in-
cremental gradient descent, so the method should be consid-
ered for future studies. Neural networks were also used in [79].
The proposed model takes raw PPG signal as feature and then,
employs deep learning technique. But, this model is computa-
tionally intensive, and it is difficult to interpret useful physio-
logical information from PPG waveforms. Mainly, features forFig. 4 Principle of pulse transit time calculation [48]

Fig. 5 ECG and PPG signal with PTT and PW representation [70]
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calculation of BP are defined in one domain and that usually is
the time domain. Therefore, in [80] 21 features, based on time
and amplitude scale, were selected and used in time-domain of
the PPG waveforms. For estimating BP, Neural Network as
machine learning algorithmwas used. The experimental results
have shown that the method can give better results, in estimat-
ing BP, than linear regression methods.

Because, the alignment of the collected data and the num-
ber of sensors used are the major obstacles for BP estimation
when using more than one physiological parameter, BP esti-
mation from single PPG is proposed in some studies, as a
possible solution. But, these methods are usually based on
correlation between BP and feature vectors. The main prob-
lem of these algorithms is their robust performance. Input
signals, obtained by sensors, define the performance of feature
vectors, so if there is a noise in the input signal, the future
vector’s quality will decrease, reducing the estimated preci-
sion of the BP. In order to find a solution for this problem a
new wavelet neural network algorithm for obtaining BP is
proposed in [39], where a complete PPG signals are selected
as feature vectors. The strength of a hidden layer node utility is
improved by fully usage of the low-pass characteristic of
Daubechies wavelet. By decreasing the number of multiplica-
tion operations and optimizing neural network structure, the
computational complexity is quite simplified, that makes im-
plementation and application much easier.

In some cases, the secondary peak of the PPG signal is not
always visible. This can lead to the peak shifting of themain peak
of the PPG signal, which can influence the precision of the PTT
value. This is an essential issue when BP is obtained from PTT.
Therefore, it is important to find methods for secondary peak
detection. In [81], three types of methods based on linear regres-
sion, quadric regression, and cubic regression are proposed, to
obtain the relationship between PTT and BP are proposed. The
results verify that the proposed detection methods improve the
correlation relationship between the adjusted PTT and BP.

Second derivative of PPG (SDPPG) keeps information about
aortic compliance and stiffness, which is related to BP. Therefore,
in [82], 14 new SDPPG based features combined with conven-
tional 21 time-scale PPG, are presented. Support Vector
Regression (SVR), as extension for Support Vector Machine
(SVM), is used to minimize the problem with over-fitting.

BP estimation only from ECG signals

Noninvasive BP measurement is also possible using only
ECG signal [83, 84]. This method is generally based on the
detection of HR, which can be estimated by dividing the RR
interval from ECG signal into 60 (Fig. 6). This number is
marked as BPM (Beats per Minute).

Due to the fact that HR is directly proportional to the cardiac
output, the increase in HR will increase BP, and vice versa, the
decrease of HR will also decrease BP [83]. Although the

regression model based on HR gives acceptable results, accord-
ing to this study, more research is needed to make it more
accurate.

Other studies were also undertaken to find the relationship
between ECG and BP. In [85] a nonlinear analysis was carried
out in order to predict an unknown part of one signal from the
other. The importance of these results is that they reveal how
the relationship between BP and ECG varies from person to
person. But, additional research is necessary to predict how
ECG affects BP, based on somebody’s physical activities and
emotional state. In [86], a wavelet transform is used to select T
and R waves from ECG and then to perform segmentation on
the signal, in order to extract systole and diastole portions
from the original signal. In this research, neural networks were
applied for obtaining SBP and DBP. An intelligent neural
network algorithm for calculating BP in real time, was also
used in [24]. It contains multilayer perceptron (MLP) and
error back propagation (EBP) that can trace HR variations,
when user change his behavior. This approach can be used
when BP dynamically changes in order to provide method
for continuously BP monitoring even in stressful situations.
Another method for BP estimation from ECG is proposed in
[86]. This method uses algorithms that offer two distinct
methods of BP calculation. First one is based on amplitude
modulation of oscillometric pulses and the second is based on
temporal modulation of oscillometric pulses.

Outside of these categories in [87] authors described a new
method for PTT estimation without ECG and PPG named
Eulerian video magnification (EVM) technique. PTT here is
simply calculated from the video recorded by the web camera.
The experimental results have shown that the PPT measured
by the Eulerian video magnification framework is highly cor-
related with the PTT detected by real pulse sensor.

Devices and systems for continuous BP
measurement in AAL applications

For some medical conditions, it is necessary to monitor pa-
tient’s physiological parameters continuously or on request,
while performing their everyday routines. BP is one of the
vital parameters that must be constantly monitored in order

Fig. 6 An illustration of the definition of HR [83]
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to prevent health issues. The number of devices and systems
designed for continuous monitoring of BP is rapidly increas-
ing in the last decade. These systems include sensor and mo-
bile technologies, wearable and embedded systems, ambient
intelligence, etc. and can monitor patients in their homes and
residencies during their ordinary activities without intruding
the comfort of their everyday life [16, 88].

Ambient Assisted Living Systems (AALS) aims to create
an ICT-augmented living environment for supporting inde-
pendent living for people experiencing some difficulties in
day-to-day living as well as enhancing their well-being.
They consist of various sensors (medical and environmental),
wireless networks, hardware and software applications that
are interconnected to exchange data and provide services in
AAL environments. The data obtained from these sensors are
fused together in order to: control the living environment (for
safety and comfort of the patient), provide information about
current state of the patient and inform his family, friends or
caregivers if some unusual situation happens, and provide
information to care and health management.

AALS are usually used for health-care monitoring of elderly,
but since their working principles are similar to the principles in
smart or intelligent homes, they can be applied in any home [94].

Various AALS have been developed to address specific needs
of people. In [89] the authors summarized most of the activities
that need to be supported in AAL environment. Monitoring of
human vital signs (such as BP) is one of the groups towardwhich
the development of AALS is directed. There are various systems
and measuring that are used for this purpose.

In this paper we propose the following classification for
continuous BP measuring systems:

& Systems for measuring BP based on smartphone
& Wearable sensor-based systems for BP measuring
& System of sensors and smartphone application.

Systems for measuring BP based on smartphone

Smartphones, equipped with built-in sensors and supported by
high speed data transfer services, can become a powerful health-
care tool for monitoring patient health. Guided by the fact that
smartphones with two microcameras are commonly used nowa-
days, an efficient method for estimation of PTT based on
photoplethysmographic imaging (PPGi) was introduced in [90].
PPGi signals were captured from two microcameras: one placed
on an artery at the temple and another on the finger. Therefore,
the systemmeasures PPG at two locations, and then, it computes
the PTT.High-resolution cameraswere also used in [87] for daily
health-care monitoring. Eulerian color magnification framework
as amethodwas used to estimate PTT throughwhich the BPwas
calculated. In [91] the authors extended the oscillometric princi-
ple, and developed a cuff-less BPmonitoring device that utilize a

smartphone. The user provides external pressure on an artery in
the finger by pressing an optical sensor overlaying a force trans-
ducer on the back of a modified smartphone. A smartphone
application provides visual feedback to the patient.

A smartphone application that work together with built-in
camera and microphone, is also described in [14]. This type of
application can be used as a successful replacement of tradi-
tional stethoscope and cuff-based techniques for measuring
vital signs like HR and BP. Two different techniques are pre-
sented in this article. First one uses two smart phones while the
second one uses one phone and a customized external micro-
phone. BP is calculated from the recorded data by computing
the pulse pressure and the stroke volume.

Nowadays, smartphones are common gadgets, so these
methods for BP measuring can be considered appropriate and
convenient. However, user interaction is still needed during the
measurement, which can interfere with their regular activities.

Wearable sensor-based systems for BP measuring

Wearable systems for monitoring vital parameters may com-
prise various types of sensors that can be easily integrated into
clothes, textile fiber, elastic bands or can be attached directly
to the human body. In recent years, efforts have been made to
develop appropriate sensors that are portable, light and low
cost. These sensors should be capable to measure various
biosignals such as: ECG, electromyogram (EMG), electroder-
mal activity (EDA), HR, respiration rate (RR), body temper-
ature, arterial oxygen saturation (SpO2) and BP. Systems that
integrates these types of sensors should be easy-to-use and
should have compact size, low power consumption, and inte-
grated communication modules, in order to communicate with
systems’ central node, or other systems [92, 93].

The diversity of applicable field of health monitoring sys-
tems, corresponds with various system architectures and de-
signs. In [23] a wrist watch-based system for measuring ECG
and PPG is presented. From these two signals PTT is obtained,
and then BP is estimated from this PTT. In order to achieve a
high wearability, a fully ear-worn long-term BP and HR mon-
itor is proposed in [94]. As suggested in this paper, an ECG
and PPG sensors can be placed behind the ears in order to
acquire a weak ear-ECG/PPG signals, which are further used
for BP estimation. Another wearable solution is introduced in
[77]. Glabella is a glass prototype that incorporates optical
sensors for continuously measure pulse waves at three differ-
ent sites of users’ face. It also includes processing, storage,
and communication components, all integrated into the glass
frame. One of the advantages of this device is that it doesn’t
require an interaction with the user.

As previously mention, sensors can be embedded into textiles
for unobtrusive and comfortable health monitoring. Therefore, in
[84] an ECG sensor and a main board, for processing and trans-
mitting the signal, were mounted on a T-shirt. Processed ECG
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signal is sent from main board to a PC using wireless module.
This signal can be further used for BP estimation. The system
gives good quality of the measured signal, which makes it suit-
able for long-term ubiquitous ECG and BP monitoring.

System of sensors and smartphone application

The emergence of wireless technology, smartphones and
wearable sensors are extending the capabilities of monitoring
person’s physiological signals during daily activities. Body
sensor network (BSN) is a wireless network consist of various
types of medical sensor and a mobile base unit (a smartphone,
tablet or PDA). Each wearable sensor is attach on different
parts of human body (depending on the measured parameter).
The data obtained from these sensors is transmitted to the
mobile base unit which is responsible for data processing
and communication with other devices or remote servers. If
emergency is detected, the medical staff will be informed im-
mediately, so they can intervene on time. The system can also
allow users biofeedback as an early warning.

BSN systems have created new opportunities in health-care
allowing monitoring of clinically important parameters (like
BP) in non-clinical settings. One such system that incorporate
smartphone, HR belt and wristband, is proposed in [52]. The
wristband that collect the PPG signals is used as a wrist ac-
cessory, and the HR belt that collect ECG signals is placed on
the chest. These sensors are used for continuously collecting
ECG and PPG signals, which are used for calculating PTT.
The sensor data are transmitted via Bluetooth to a smartphone,
where all the processing is done. The result of user’s BP (cal-
culated from the PTT) is displayed on the smartphone or
uploaded to a remote server.

An Intelligent Mobile Health Monitoring System
(IMHMS), which can provide medical feedback through mo-
bile device based on biomedical and environmental data is
presented in [95]. Various sensors are used for collecting data
about temperature, blood pressure, glucose etc. The patient’s
health status is intelligently predicted based on data analyses,
and a feedback is sent to the patient, so that he can actively
participate in the health care process.

Similar BSN system, capable of monitoring BP, heart rate,
oxygen saturation SpO2, and body temperature is introduced
in [96]. The pulse transit time was utilized to estimate BP. The
system uses Bluetooth protocol for transferring the data to a
mobile device which is connected with remote server through
cellular network or WiFi. The Android application, installed
on user smartphone, allows the patient to observe his current
vital signs, and warn him if unusual situation occurs.

AlarmNet is a wireless sensor network system used for long-
termmonitoring of patientswith different needs [97]. The system
has two types of sensors: mobile and emplaced sensors. Mobile
sensors are actuallywearable sensor devices, worn by the patient.
They can measure several parameters like: BP, pulse rate, ECG,

SpO2, fall etc. On the other hand, emplaced sensors, can collect
information about user location, ambient temperature, light and
quality of the air. Sensor data are collected and periodically
transmitted to remote stations and back-end database.

Another wearable BSN for continuous cuff-less BP monitor-
ing is presented in [98]. The system utilizes a single lead ECG
sensor, placed on the chest, and a PPG sensor placed at the finger
or ear. A 3-D acceleration sensor is also used, for obtaining con-
text information - user posture and activity level. Arterial BP is
estimated using PAT, and is displayed on a PDA or wristwatch.

More sophisticated system using iPhone application is de-
scribed in [99]. A novel PPG optical sensor integrated into a
standalone device is designed, in order to continuously monitor
vital parameters such as: BP, HR, respiration rate, SpO2 etc.
Device can function fully independently and can give possibil-
ity to the user to read, store, process or transmit data by iPhone
application called Sensotrac. The built-in gyroscope and accel-
erometer in the smartphone, can also be used for calculating
number of steps, level of activity, calories burned etc. Sensotrac
application can visualize collected data, store it in a database or
send it to the Cloud. Another utility of this platform is that it
allows doctors to observe the patient’s vital signs, to see alerts
and send push notifications via API on Cloud.

Similar system that uses sensors for collecting ECG and
PPG signals and an Android smart-phone application is intro-
duced in [100]. The data obtained from the sensors are send to
the smartphone via Bluetooth. Android application process the
data, estimates BP using a PTT-BP model, and displays them
on the screen, so the user can monitor his health in real-time.

Completely new approach and method for accurate and
continuous BPmeasurement is presented in [101]. The system
uses an acceleration sensor implanted on an artery using min-
imally invasive techniques. Accelerometer measures the
reflected wave transit time (RWTT) through which BP is es-
timated. The sensor system was implanted in an animal, and
an evaluation was conducted. The results show high correla-
tion between RWTT and systolic blood pressure. This new
approach facilitates the mobility of a patient and is very prom-
ising for future AAL applications.

Conclusion

In the past decade, many efforts have been made to find ways
for continuously monitor blood pressure and find a suitable
device that will be comfortable enough to be used in everyday
life. Ubiquitous BP monitoring is expected to improve hyper-
tension detection and control, by providing feedback to the
patient and informing the doctors and caregivers about blood
pressure changes during the day. This may help the doctor to
determine how effective the BP medication is, and also aug-
ment the doctor-patient relationship.
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This paper review the current methodologies, devices and
systems for continuous cuff-less BP monitoring. According to
the reviewed methodologies, the use of ECG and PPG signals
is the most common way of estimating BP using regressive
methods or in recent studies, including artificial neural net-
works. But for obtaining these signals, multiple sensors are
needed. The advancements of on-chip systems that integrate
powerful graphic processing units, offer possibilities for real-
time signal processing and execution of complex algorithms.
This can boost the research for continuous and accurate BP
estimation directly from ECG signals. The application of deep
learning algorithms, in this context, can also be considered a
promising approach. Regarding the systems used for continu-
ous BP measurement, we concluded that the integration of
biomedical body sensors and smartphones, is the most appro-
priate solution for AAL applications.

However, despite significant progress within the monitor-
ing device industry, the widespread integration of this tech-
nology into medical practice remains limited.
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