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Abstract
Aim Smart wearable devices for continuous monitoring of health conditions have bbecome very important in the healthcare 
sector to acquire and assess the different physiological parameters. This paper reviews the nature of physiological signals, 
desired vital parameters, role of smart wearable devices, choices of wearable devices and design considerations for wearable 
devices for early detection of health conditions.
Subject and methods This article provides designers with information to identify and develop smart wearable devices based 
on the data extracted from a literature survey on previously published research articles in the field of wearable devices for 
monitoring vital parameters.
Results The key information available in this article indicates that quality signal acquisition, processing and longtime moni-
toring of vital parameters requires smart wearable devices. The development of smart wearable devices with the listed design 
criteria supports the developer to design a low power wearable device for continuous monitoring of patient health conditions.
Conclusion The wide range of information gathered from the review indicates that there is a huge demand for smart wearable 
devices for monitoring health conditions at home. It further supports tracking heath status in the long term via monitoring 
the vital parameters with the support of wireless communication principles.

Keywords Biosignals · Vital parameters · Wireless transmission · Smart wearable devices · Biosensors

Introduction

The field of smart wearable technology has grown quickly 
in recent years and advances in wearable biosensing led 
to the development of more facile measurement systems. 
Advanced techniques and sensing principles haved helped 
in the miniaturization of wearable medical devices. The 
development of different wearable sensors and their inte-
gration with processing units enables the measurement of 
biosignals. Simultaneously, the conceptualization of using 
multiple biosensors in a single portable device also gained 
increased attention. The application of such different modal-
ities helps to overcome the limitation of a specific biosensor 
over another. The use of biosensors in wearable devices var-
ies based on the application of the device. The wide range of 
applications of wearable devices supports use in healthcare 

networks, sport activities, for military personnel and envi-
ronmental health monitoring.

In recent years, various diseases such as COVID-19, car-
diovascular diseases, tumours and chronic illnesses are affect-
ing patients’ health conditions drastically, and they need to 
be monitored continuously. In critical care units, continuous 
24-h monitoring of heart rate, respiration rate, blood pressure, 
blood oxygen saturation, blood glucose level and body tempera-
ture are essential. Wearable medical devices help to monitor 
these vital signs continuously and provide useful information 
for disease diagnosis. The benefits include vital sign acquisi-
tion during ambulatory condition and continuous monitoring 
of wellness over the long term. The information gathered can 
be effectively used for disease diagnosis and to deliver proper 
treatment at the right time. Wearable health devices not only 
support identifing diseases but also help in predicting diseases 
to improve the quality of life of patients. IoT-based wearable 
devices enhance the affordability and improve the quality of 
health care. The information gathered using the biosensors 
are stored and transmitted through the wireless communica-
tion protocols to the remote locations for monitoring, guiding 
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patients remotely during an emergency situation and provid-
ing them timely treatment. Wearable technology shows enor-
mous potential in the healthcare system due to uninterrupted 
monitoring of human physiological indicators in real time. It is 
crucial for keeping track of people’s fitness and critical health 
issues during their daily activities without interfering with their 
regular tasks. In recent years, extensive efforts have been made 
by many researchers to develop innovative and more reliable 
wearable devices. These wearable devices acquire the signals 
and estimate the vital parameters such as heart rate, respira-
tory rate, blood pressure, body temperature, oxygen saturation 
and pulse rate. The Internet of Things (IoT) and wearable 
devices can be integrated together in healthcare applications 
for remote applications in healthcare environments. This paper 
briefly describes the nature of different biosignals and sensors 
used for the evaluation of vital signs and narrates the different 
vital parameters used for diagnosis purposes. This paper also 
focusses on different wearable devices along with the IoT in the 
healthcare system for identifying, diagnosing and remote moni-
toring, and it concludes by presenting the design consideration 
for the implementation of smart wearable devices. This paper 
is organized into five sections. Section I includes the different 
biosignals generated from the human body for identifying vital 
signs. Section II explains the importance of the different vital 
signs used for medical diagnosis. Section III provides the recent 
progress in smart wearable devices for obtaining the essential 
vital parameters. Section IV explains the importance of the IoT 
in smart wearable devices, and Section V concludes the paper 
by narrating the design considerations for wearable devices.

Biosignals: origin and characteristics

Biosignals are the bioelectric signals generated from the 
electrical activities of organs. They are the change in electric 
current due to the electric potential difference over particular 
organs or tissues such as the cardiovascular system, neu-
ral system, respiratory system, etc. Different biosignals are 
generated from the human body based on electrical activi-
ties. Some of the bioelectric signals are electrocardiogram 
(ECG), photoplethysmogram (PPG), electroencephalogram 
(EEG), electromyogram (EMG), electrooculogram (EOG), 
galvanic skin response (GSR), electroretinogram (ERG) and 
electrogastrogram (EGG). This section of the paper depicts 
the features of ECG, PPG and EEG signals with their graphi-
cal waveforms.

Electrocardiogram (ECG)

ECG is a method that uses cables, electrodes and gels to 
identify problems related to the cardiovascular system. 
An ECG records the heart’s electrical activities by placing 
the electrode above the skin at a particular location of the 

body. To diagnosis heart diseases, different wave patterns 
are obtained from an ECG signal, such as P, Q, R, S and T 
waves, which contribute crucial information about how the 
the heart is working. The obtained wave pattern includes 
the prominent peaks and valleys of the P, Q, R, S and T 
waves. Normal human ECG signals have a frequency range 
of 0.05–120 Hz, and it has very low amplitude in milli volts. 
The P wave is generally used to represent the atrial depo-
larization of the heart whose duration is less than 0.11 s and 
0.25 mV amplitude. The QRS complex is the most com-
mon wave pattern used for diagnosing different diseases. 
It represents the ventricular depolarization with the dura-
tion of 0.08–0.10 s. The first negative deviation in the QRS 
complex is the Q wave with a typical amplitude of 25% of 
R wave; the R wave is seen, which is the positive deviation 
with amplitude 1.60 mV, and the negative deviation ends 
with the S wave. The T wave is the representation of ven-
tricular depolarization with an amplitude of 0.1 to 0.5 mV. 
The PR interval is the time duration taken from the initial 
atrial depolarization to the initial ventricular depolarization 
and the atrioventricular nodal delay. Time duration of the PR 
interval is 0.12 to 0.20 s. The QT interval is a measure of 
both the ventricular depolarization and repolarization within 
the duration of 0.20 to 0.40 s. The ST segment shows the 
isoelectric period of depolarized ventricles.

Figure 1 shows the wave pattern generated from the 
electrical activities of the human heart. One of the most 
important features obtained from an ECG is the R peak 
(Merah et al. 2015). The location of other wave patterns 
can be identified using this R peak as a reference point. 
QRS detection has the most significant role in disease 
diagnosis (Tang et al. 2018). The QRS detection system 
is classified into two categories. One of these categories 
needs extra computational support through digital signal 
processors (DSP), and the second category merges DSP 
and analog to digital converters (ADC) that process data 
in real time. From the literature, it was observed that 
the needed information for diagnosis can be obtained by 
detecting the intervals and amplitudes generated by the 
characteristic wave peaks and boundaries of ECG signals.

Photoplethysmogram (PPG)

Photoplethysmography plays a major role in identifying 
changes in blood pressure. The PPG sensor can estimate 
the heartbeat without any electrodes. A normal PPG signal 
is generated by pulse oximeter based on the change in light 
absorption by illuminating the skin. It monitors how the 
blood is pumped into the dermis and the tissue beneath the 
skin. A light-emitting diode (LED) is used to illuminate 
the area, and the change in blood volume caused by the 
pulse pressure is recorded by either measuring the light 
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reflected to the photodiode or by monitoring the quantity 
of illumination transmitted (Volkov et al. 2017). It oper-
ates at red or near infrared wavelength. The use of green 
light is highly preferred in PPG sensors due to its capabil-
ity of balancing the light absorbance and the penetration 
of light (Fallow et al. 2013).

A steady-state or non-pulsatile direct current (DC) com-
ponent and an oscillating or pulsatile alternating current 
(AC) component make up a typical PPG signal (Lee et al. 
2013). AC components are associated with the blood flow 
in the arteries synchronized with the heartbeat, and the DC 
components are associated with the venous blood volume 
regulation in addition to non-pulsatile components of the 
arteries. To block the receiver saturation, the DC compo-
nents in the reflected light should be eliminated as it reaches 
99% of the original signal (Lee et al. 2016a, b). The direct 
pressure applied from the heart’s left ventricle towards the 
periphery of the body is called the systolic peak and the 
reflection of pressure exerted by the arteries from the lower 
valves of the body is called the diastolic peak which is also 
known as inflection. The dicrotic notch is the node at which 
the aortic valves are closed and generated before the sec-
ondary dicrotic wave. The PPG frequency range is very low 
ranging from 0.5 Hz to 4 Hz (Peng et al. 2014). The charac-
teristics of the PPG wave pattern comprise peaks and val-
leys, namely systolic peak, dicrotic notch and diastolic peak 
(Liu et al. 2018), as shown in Fig. 2.

Electroencephalogram (EEG)

Electroencephalogram is a non-invasive method for diag-
nosing the different neurological conditions by acquiring 
the brain impulses from the surface of the human scalp 
through an electrode. The voltage fluctuations generated 
by the ionic current produced in the brain neurons are 

measured using the EEG signal. The representation of dif-
ferent EEG wave patterns is depicted in Fig. 3.

An EEG is used to diagnosis epilepsy, tumors, stroke, 
sleep disorders and brain deaths. While acquiring the EEG 
signal, oscillation occurs due to multiple frequencies. 
These oscillations are based on the different conditions of 
brain functioning. The EEG waveform is classified based 
on the signal frequency, amplitude of the signal, morphol-
ogy and continuity of the signal, and location of the signal 
(Nayak and Anilkumar 2021). The amplitude of the EEG 
is measured in terms of microvolts (μV). The EEG signal 
frequency ranges are referred to as delta from 0.5 to 4 Hz, 
theta from 4 to 7 Hz, alpha from 8 to 12 Hz, beta from 13 
to 30 Hz and gamma from 25 to 140 Hz.

Need for physiological vital parameter

Vital parameters are the measurements of key indicators to 
detect the diseases which can be estimated through the signal 
processing methods. The most common vital signs include 
heartbeat, respiration rate, body temperature, blood oxygen 
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saturation and blood pressure. Vital signs provide the critical 
information about the body organs and show the variation 
in an organ’s functioning inside the body. Wearable devices 
play an important role in monitoring these vital signs con-
tinuously either at a clinic or at home. Vital signs may vary 
from person to person based on their age, health status and 
weight. The most essential and common vital signs required 
for identifying the health status of the patients are shown in 
Fig. 4.

Heart rate (HR)

The number of times the heart beats in a minute is known 
as the heart rate or pulse rate. The heart rate fluctuates 
from time to time and from person to person. An adult 
normal heart rate ranges from 60 to 100 beats per min-
ute, whereas the normal heart rate for children ranges 
from 70 to 100 beats per minute at resting condition. The 
heart pumps the blood to all parts of the body to supply 
the required oxygen and other nutrients. During resting 
condition, the heart pumps a minimal amount of blood 
for suppling oxygen to the brain and all vital organs. 

Measurement of HR indicates the heart rhythm. Fast HR 
or tachycardia represents heart beats that are greater than 
100 times per minute, and slow HR or bradycardia shows 
the HR less than 60 beats per minute during resting condi-
tion. A sudden change in HR represents irregular function-
ing of the heart and also shows symptoms such as fatigue 
or dizziness and fainting.

HR can be measured using ECG or by PPG signals 
(Jegan and Nimi 2018). Though ECG and PPG signals have 
different morphological wave patterns, the HR information 
obtained by ECG and PPG is very similar. HR can also 
be measured by ballistocardiogram (BCG) (Giovangrandi 
et al. 2012), inertial sensors (Aarts et al. 2017) and pho-
nocardiogram (PCG) (Brusco and Nazeran 2005), but the 
accuracy of HR obtained by BCG and PCG are very low 
compared to ECG and PPG. Heart rate variability can also 
be evaluated to assess the health status of the person with 
cardiovascular issues. HR measurement is done for many 
disease diagnoses such as sleep apnea (Jung et al. 2017), 
arrhythmia recognition (Zhu et al. 2019) and stress meas-
urements (Erika et al. 2018).

Fig. 3  EEG wave patterns
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Respiration rate (RR)

Respiration rate refers to the measure of the number of 
breaths a person takes in one minute. The respiratory sys-
tem exchanges oxygen and carbon dioxide to satisfy the 
energy requirements of a person. RR is measured during 
the resting condition by counting the number of breaths per 
minute based on the movement of the chest or the number 
of times that the chest rises in one minute. The wave pattern 
is generated due to the inspiration and expiration caused by 
the change in chest volume. Normal RR ranges from 12 to 
18 breaths per minute for adults and 18 to 60 for children. 
Table 1 shows the ranges of respiration rate for all ages.

Elastomeric plethysmography, impedance plethysmog-
raphy, accelerometers, polymer-based sensors, optical 
fibres and respiratory inductive plethysmography are some 
of the methods used to determine respiration function. The 
RR measurement provides an early indication of acidosis. 
RR is one of the major sensitive indicators in critical health 
illnesses such as distress and potential hypoxia and plays a 
major role in predicting cardiac arrest (Malcolm and Alysia 
2012). Rapid change in respiration rate shows different pat-
terns of respiration such as eupnoea (respiration at resting 
or normal condition), bradypnea (respiration rate is too 

low) and tachypnoea (respiration rate is higher) (Fekr et al. 
2014). Monitoring respiratory rate when moving is very 
essential in the diagnosis of sleep apnea, chronic obstruc-
tive pulmonary disease and asthma, and it is very important 
for monitoring children with pulmonary diseases.

Blood pressure (BP)

Basically, the arteries may expand and contracts due to 
blood flow when the heart pushes blood along the arteries. 
The force exerted on the blood against the artery is known 

Fig. 4  Various physiological 
vital parameters
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Table 1  Ranges of respiration rate for classification

Age Respiration rate 
(breaths per 
minute)

Above 18 years 12 to 16
12 to 18 years 12 to 16
6 to 12 years 18 to 30
3 to 6 years 22 to 34
1 to 3 years 24 to 40
Up to 1 year 30 to 60
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as blood pressure. Systolic and diastolic pressure values are 
used to record blood pressure. Blood pressure can be meas-
ured in mmHg (millimeters of mercury). The highest arterial 
pressure that can exist while the left ventricle of the heart 
contracts is known as systolic pressure. Systole represents 
the period at which the ventricular contraction takes place. 
The heart pumps blood through blood arteries to all regions 
of the body during the systolic period. Diastolic pressure is 
the term used to describe the lowest arterial pressure that is 
experienced when the heart’s ventricles relax. Diastole rep-
resents the period at which the ventricular relaxation takes 
place. During the diastolic period, the heart chamber fills 
with blood and the blood pressure is reduced. The normal 
blood pressure range is 120/80 (systolic/diastolic) mmHg. 
Table 2 explains different blood pressure levels. The tradi-
tional method to measure BP uses an inflatable pressure cuff 
with a stethoscope which is wrapped around the user’s arm 
(Dias and Paulo 2018).

Variation in BP causes stroke, heart failure and increases 
the risk for heart attack. BP is to be regularly checked even 
for asymptomatic persons. In most cases, a person with 
hypertension shows no symptoms. Hypertension is one of 
the major threats to society which causes cardiovascular dis-
eases. Cardiovascular diseases can be highly predicted by 
monitoring BP continuously.

Blood oxygen saturation  (SpO2)

Blood oxygen level represent the amount of oxygen carried 
by the red blood corpuscles. Blood oxygen saturation is 
the amount of blood hemoglobin that is occupied by oxy-
gen in the blood stream. It is the ratio of the oxygenated 
hemoglobin to the sum of the oxygenated and deoxygenated 
hemoglobin which exists in the blood.

where HbO2 represents the oxygenated hemoglobin and Hb 
represent unsaturated or deoxygenated hemoglobin. The 
normal blood oxygen saturation level is 95 to 100%. The 
reduction in oxygen level leads to shortness of breath, head-
ache, chest pain, rapid heartbeat and symptoms of cyanosis. 
It is difficult to survive for a prolonged period if the oxygen 
supply to the human brain is not constant. The percentage of 

(1)SpO2
=

HbO
2

HbO
2
+ Hb

oxygenated hemoglobin is determined using optical trans-
ducers which are directly applied to the skin.  SpO2 meas-
urement alone cannot provide accurate diagnosis in some 
cases. The PPG signal and signal processing methods can be 
integrated and evaluate the  SpO2 by measuring the changes 
in blood vessels using the two different wavelengths 660 
nm and 905 nm.  SpO2 can be effectively measured from the 
fingers through oximetry principles.

Blood glucose (BG)

Blood glucose level is the estimation of the concentration of 
glucose which exists in human blood. In the human body, 
around 4 grams of glucose are stored in the liver cells and 
skeletal muscles continuously in the form of glycogen. Food 
plays a major role in the formation of sugar content in the 
human body. The generated simple sugars are transmitted 
to all the body cells to provide an energy source to the cells 
through the bloodstream. The blood glucose level is meas-
ured in terms of mg/dL (milligrams per decilitre) or mmol/L 
(millimoles per litre). Table 3 shows the blood glucose level 
before and after intake of food.

Nowadays, the effects of diabetes are rapidly increasing 
globally. The risks of diabetes, mainly hyperglycaemia and 
hypoglycaemia, cause major health issues. Hypoglycae-
mia is the state at which the blood sugar level falls too low, 
whereas hyperglycaemia is due to an excess glucose level. 
Both of these stages if not properly identified may leads to 
many health issues. Diabetes may also lead to various physi-
ological abnormalities such as cerebral vascular disturbance, 
macrovascular complications, nephropathy and retinopathy. 
These complications can be avoided by maintaining the glu-
cose level in a standard normal range or by injecting insulin 
into the human body to controll the blood glucose concentra-
tion if there is a change in blood glucose level.

Body temperature

Body temperature evaluates the temperature or heat that 
the human body can withstand and measures the amount of 
heat that can be lost by the human body. Generally, there is 
a variation in human body temperature based on the age of 
the person, time of the day, health condition of the person 
and the exertion level. It is the consequence of balanc-
ing among the temperature generation and temperature 

Table 2  Ranges for blood 
pressure classification

Condition Systolic pressure (mmHg) Diastolic pressure (mmHg)

Normal Lower than 120 mmHg Lower than 80 mmHg
Low blood pressure (hypotension) Lower than 90 mmHg Lower than 60 mmHg
Elevated (prehypertension) 120 to 129 mmHg Lower than 80 mmHg
High blood pressure (hypertension) 130 mmHg or higher 80 mmHg or higher
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reduction in the physical body (Teng et al. 2008). There 
are two ways to monitor body temperature: via the skin and 
via the core (Buller et al. 2013). Core body temperature 
is the heat generated in the internal organs such as blood, 
heart, brain and liver of the human body. Skin body tem-
perature is the measure taken from the peripheral surface 
of the body such as mouth, ear and armpit. The circula-
tion of blood affects the skin body temperature which is 
correlated with the heart rate and metabolic rate. Addi-
tionally, body temperature is impacted by the circulation 
of air, atmospheric temperature, climatic condition and 
humidity (Gaura et al. 2013]. Table 4 shows the ranges of 
body temperature. Figure 4 displays some of the vital signs 
measured using different wearable devices.

Smart wearable devices: need and significance

In the healthcare network, smart wearable devices play a 
major role in real-time monitoring of different physiologi-
cal parameters of the human body. Wearable devices with 
the help of various biosensors provide easy monitoring of 
the electrical activities of the body. It is quite challenging 
to deliver adequate therapy in real time today. Hence, a 
number of variations in health care devices are preferred 
for disease diagnosis. Especially during pandemic situa-
tions, it is vital to monitor the patient’s health status fre-
quently. If the physiological status or the abnormalities 
are not properly recognized, it may lead to severe health 
related problems such as organ failure, or even death. 
Many of the public healthcare systems make use of con-
ventional medical devices that require a high cost and can 
lead to congestion in most of the clinical centres, which 
makes the patients restless and stressed. Therefore, it is 

very important to diagnose diseases in a comfortable zone 
and with low cost. There is a very essential and immense 
need in the medical field to detect different diseases per-
sonally in tandem with cutting-edge technologies. Smart 
wearable devices have rapidly increased in recent days 
due to miniaturization of the devices, flexibility, higher 
efficiency and their non-invasiveness. The wearable 
devices to date are limited because only certain physi-
ological parameters can be measured by a single wearable 
device. There is a huge need to develop a smart wearable 
device for monitoring multi parameters of patient health 
conditions.

Evolution of wearable devices

Wearable devices are developed with a great difference from 
the existing medical devices in view of portability, their user 
approachability and environmental flexibility (Guk et al. 
2019). The advancement in electronics, biocompatibility and 
nanomaterials have allowed the development of implantable 
devices for disease diagnosis with the help of tiny sensors. 
The evolutions of flexible and skin-attachable electronic 
devices are also beneficial in identifying vital signs without 
any disturbance. Current wearable devices are developed 
with multiple functions which act as a microcomputer that 
authorizes the connection of the entire system, data gath-
ering and processing to external communication. These 
devices communicate with external devices through wire-
less technologies such as bluetooth, radio-frequency identi-
fication (RFID), wireless fidelity (WiFi), long range (LoRa) 
protocol, and near-field communication (NFC). Wearable 
technology is employed for remote and ongoing continuous 
monitoring with the support of the IoT in homes and the 
healthcare industry.

Basically, the large conventional machines are used in 
healthcare for acquiring the signal and predicting the dis-
eases. The portable devices are designed in multiple pat-
terns and classified based on their attachment to the body. 
They are classified as wrist worn devices such as watches, 
rings, bracelets and gloves, head devices such as glasses, 
mouth guards, helmets and clothing such as coats, sin-
glets, pants and belts (Gui and Liu 2018). The technique 

Table 3  Ranges for Blood Glucose Level for Classification

Condition Normal stage Prediabetes stage Diabetes stage

Fasting blood sugar level Less than 100 mg/dL (5.6 mmol/L) 100 to 125 mg/dL (5.6 to 6.9 mmol/L) Greater than 
126 mg/dL 
(7 mmol/L)

Blood sugar level after food Less than 140 mg/dL (7.8 mmol/L) 140 to 199 mg/dL (7.8 to 11.0 mmol/L) Greater than 
200 mg/
dL (11.1 
mmol/L)

Table 4  Ranges for body temperature for classification

Condition Range of temperature

Normal 97.7–99.5 °F (36.5–37.5 °C)
Hypothermia < 95.0 °F (35.0 °C)
Hyperthermia > 99.5 or 100.9 °F (37.5 or 38.3 °C)
Hyperpyrexia > 104.0 or 105.8 °F (40.0 or 41.0 °C)
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implemented in the portable device is a non-invasive 
monitoring technique with two basic functions: continu-
ous observation of physiological indicators and exter-
nal communication with other smart electronic devices. 
Physiological signals, such as heart rate, respiration rate, 
body temperature, SpO2 and blood glucose levels, can be 
measured and monitored using portable devices. Figure 5 
depicts the development stages of wearable devices.

Wearable devices can be further integrated with flex-
ible nanomaterials and become attachable monitoring 
devices through a flexible substrate. The combination of 
polydimethylsiloxane (PDMS) and silver nanowires can be 
used for designing a biosensor which will be effectively 
applicable for collecting biosignals. The advantage of an 
attachable device are its flexibility and adaptability to the 
skin. It also provides an accurate sensing without any dis-
comfort. In attachable devices, the sensors are attached to 
the skin or fitted to the surroundings such as chairs, car 
seats, etc. Skin patches and contact lenses are some of the 
attachable devices developed in the biomedical instrumen-
tation research domain. A skin patch is a soft, malleable 
and stretchable bio-electronic device that can be affixed to 
bodily tissue for continuous medical monitoring (Liu et al. 
2017). A skin patch provides more accurate information as 
it is not disturbed by body movement. Contact lenses use 
both optical and electrical methods for continuous moni-
toring of the chemical concentration in the eye membrane 

and measure the electrical conductivity of the eye via tear 
fluid (Elsherif et al. 2018).

MEMS technology are used in developing the implant-
able devices (Kiourti et al. 2013). Implantable devices 
are inserted either fully or partially into the body through 
surgeries or through some medical procedures. Hence, 
implantable devices should be designed with utmost care 
such that it should not affect health. Cardiac pacemakers, 
tattoo-based glucose detection device, electronic tattoos 
(e-tattoos), Abbot confirm RX implantable devices and 
bio sensitive inks (bioinks) are some of the implantable 
devices available in the biomedical research domain. A 
non-invasive method used to acquire the fluid informa-
tion of the human body is an ingestible sensor (Kalantar 
et al. 2017). It is used to monitor the various hormones, 
enzymes around the abdomen and the biometric informa-
tion. An ingestible pill is one of the ingestible sensors used 
for monitoring the fluid content in the human body. After 
being ingested into the body, the stomach acid activates 
the pill due to the chemical reactions inside the stomach 
and delivers the signal to the body patch. The patch helps 
to monitor HR, BP, pH and body temperature along with 
external communication. Wireless technology in implant-
able and ingestible devices allow transferring the gathered 
information without loss of data, and it also maintains the 
device’s functioning and battery status.

Fig. 5  Evolution of wearable 
devices
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Recent development of wearable devices

Electronic devices embedded with biosensors in the form of 
fitbits, jewels, smart glasses and smart watches have been 
developed for continuous monitoring and collecting of infor-
mation about the user’s health status. During recent decades, 
the number of wearable health devices has increased based 
on the need for early identification of diseases, quality of 
the signal acquired and self-monitoring purposes (Jegan 
and Anusuya 2015). Due to the increased demand of self-
monitoring, development of the wearable devices is also 
increased multiple times for the last few years (Alicia 2019). 
Researchers are currently working to develop a smart wear-
able health device with greater advantages in application and 
functionality. Wearable devices are integrated with smart 
sensors, IoT, artificial intelligence (AI), data processor and 
robots for managing and preventing various diseases. Fig-
ure 6 shows the different forms of portable wearable devices 
used in medical applications to measure vital signs.

The most prevalent wearable technology is wrist worn 
devices used for continuous monitoring of vital signs. Wrist 
watches have higher farm factor than wrist bands (Nimi 
et al. 2021). Smart watches are mostly preferred by athletes 
and patients with cardiac problems for monitoring workout 
time, energy level, heart rate and calories burnt. Modern 
technologies and tiny biosensors are integrated with glasses 
and attached to helmets or Google Glasses in head mounted 
devices. EEG and EOG sensors are used to measure physi-
ological signals from the brain or ears to diagnose disorders. 
There are also devices such as mouth guards, hearables, head 
bands, smart glasses, helmets for measuring different physi-
ological signals from the electrical activities of the brain, 
eyes, saliva and ears. A person’s behaviour can be moni-
tored by their facial expressions, person-to-person interac-
tion, conversational period and other physical activities with 
the help of an electronic badge developed for the wearable 
computing platforms (Daniel et al. 2009). The Oura ring is 
used to measure the quality of the user’s sleep based on their 
eye movement and sleep balancing (Oura Ring 2017).

Monitoring vital signs is very important for the patient 
to identify their health condition and to detect the clinical 
deterioration. Early warning scores with multiparameter 
helps to detect the change in physiological signals which fur-
ther identifies the risk level of the patient, thereby reducing 
unplanned admissions to the intensive care unit (ICU) that 
helps to reduce mortality. Continuous monitoring is required 
to identify the clinical deterioration as early as possible, 
which helps the physician to provide proper treatment at the 
correct time to avoid critical conditions. Table 5 gives the 
details of different wearable devices developed for extracting 
different vital signs in different applications.

Wearable devices provide an easy view of patients at 
all times by monitoring the vital signs instantly (Boatin 

et al. 2016). It also improves patients’ comfort with fewer 
measurements. The electrodermal activity of a person can 
be detected using a wearable neoprene band that serves as 
a solution for patients with alcoholic addiction and stress 
disorder (Fletcher et al. 2011). Respiration rate can be 
measured by monitoring the chest movement by an adjust-
able fabric chest strap (Zephyr 2016). Continuous use of 
cuffs for monitoring blood pressure causes skin irritation 
in some patients, and also increases the stress level of the 
patient (Yilmaz et al. 2010). This can be avoided by devel-
oping a cuffless non-invasive method with advanced signal 
processing algorithms. One of the best ways to measure 
the BP is identifying the pulse transmit time acquired from 
the wrist PPG and chest ECG signals (Puke et al. 2013). 
Blood pressure can be measured using pulse wave veloc-
ity obtained from two microelectromechanical sensors 
attached to the wrist and neck (Hsu and Young 2014). A 
watch-type prototype is developed using a pressure sensor 
which is placed in the radial artery to estimate accurate 
blood pressure with the help of smart phones (Woo et al. 
2014). Respiration rate can be obtained using a dielectric 
active polymer based on the fluid metals. The chest vol-
ume variations are measured based on this dielectric active 
polymer (Xiaohui et al. (2017). To determine the blood 
oxygen saturation, PPG signals are also employed. Ring 
type wearable devices are mostly used for measuring the 
 SpO2 because blood oxygen saturation levels can be easily 
obtained from a finger.

Recently, tiny chips on ear lobes are used to measure 
 SpO2, and brain oxygenation can be measured using PPG 
sensors placed on the forehead (Mendelson et al. 2013). 
 SpO2 can also be estimated by integrating the PPG sensors 
into optical fibers which are embroidered with textile to 
analyse the various depths of the tissues. They use optical 
fibers as light-sources and detectors (Krehel et al. 2014). 
Also, it can be monitored by integrating the e-textiles with 
flexible plastic strips consisting of LEDs and photodiodes. 
Glucowatch is a commercial device used to monitor the 
glucose level of blood (Tierney et al. 2001). The glucose 
level is monitored through reverse iontophoresis and the 
information is provided to the user every 20 min. Dexcom 
is used to monitor the glucose level continuously, which 
consists of a fully implantable sensor for monitoring the 
glucose level. There are multiple devices developed for 
measuring the vital signs using different techniques. An 
oximeter built into a ring is used to measure the heart rate 
(Boo and Sokwoo 2000), a wrist band with an electroder-
mal sensor is used to estimate the stress level (Sandulescu 
et al. 2015), an electromyographic sensor integrated within 
the clothing is used to monitor muscle activity (Finni et al. 
2007) and a smart watch with an accelerometer can be 
used to monitor the physical activity of the user (Yang 
and Hsu 2010).
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Choices of wearable devices in healthcare 
applications

The development of smart wearable devices in the healthcare 
network provides a flexibility to measure and monitor certain 

vital parameters. The accurate measurement of different vital 
parameters helps the doctor to analyse and predict the health 
status. The different vital parameters, including pulse rate, 
blood pressure, respiration rate,  SpO2, temperature, blood 
glucose level, body mass index, heart rate variability, body 

Fig. 6  Different wearable devices developed for various applications
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fitness and sweat rate, can be monitored using sensors which 
are integrated in singlet (Salvo et al. 2010). The need for 
suitable wearable devices in the healthcare domain and 
public environment will be drastically increasing to moni-
tor and control applications. By anticipating the need for 
caution and warning the driver via cell phones, smartwatches 
help to reduce traffic accidents. The test was administered to 
individuals of various ages, and results were contrasted by 
including and excluding gender type (Lee et al. 2016a, b). 
A smart helmet has been developed that uses robust multi-
variate signal processing to find the R peaks in noisy ECG 
and EEG inputs to avoid traffic accidents (Rosenberg et al. 
2016). A smartphone app has been designed and built for 
tracking changes in parameters relating to a person’s physi-
ological health state while they move. It automatically alerts 
users during potentially harmful health conditions (Botilias 
et al. 2022). The use of different wearable devices and their 
applications are summarized in Table 6.

IoT in smart wearable devices

Smart wearable devices help healthcare providers to 
monitor patients’ conditions in clinics based on real-time 
requirements. They also update the information about the 
users’ physiological conditions during their daily activities 
through a wireless network to a remote monitoring centre 
or to monitor themselves. The information gathered is also 
recorded in medical information systems for further offline 

processing. Wearable health devices are used to monitor 
and communicate patients’ data who are hospitalized, via 
cloud/server to the medical professional to provide useful 
information about the treatment or to indicate emergen-
cies. Vital signs are also transmitted to another portable 
devices through wireless communication protocol for 
displaying and examining the users’ state of health. The 
coordination of the users and the communication module 
is sustained effectively for safer transmission. The vital 
signs can be stored in clouds or micro-SD memory cards 
for future reference and medical diagnosis. Thus, IoT has 
the potential to integrate different medical devices, bio-
sensors and the professionals in the healthcare network to 
provide efficient health services from an isolated place. 
IoT in healthcare networks enhances the safety of the 
patients, minimizes the medical expenses and improves the 
efficiency of the health maintenance network. One of the 
major concerns while implementing an IoT-based wearable 
devices is sustaining the quality of service provided such 
as the security of data transmitted, privacy of the patient’s 
information, reliability, flexibility and expenses.

The IoT value chain explains all the activities carried 
out in developing a wearable medical device. The value 
chain changes according to the application used, level 
of experience, in-built hardware and software platform, 
reliability of the requirements, processor used, process-
ing methods and the connectivity towards cloud process-
ing. Figure 7 highlights the IoT value chain for wearable 
medical devices. According to global data, the wearable 

Table 5  Different wearable devices developed for monitoring vital signs

Reference Device developed Vital sign extracted Applications

Wu et al. 2020 Sensor patch HR, BP, body temperature IoT-connected healthcare applications
David et al. 2020 Wearable wireless biosensor HR, RR, body temperature,  SpO2 and 

systolic blood pressure
Continuous inpatient monitoring

Vishal et al. 2020 Wearable face mask Breathing parameters Breathing tracking for the evaluation of 
lung functions

Massaroni et al. 2020 Multi-sensor smart garment Respiratory rate Monitoring physical activities
Katayama et al. 2020 Fibre Bragg grating sensor Blood pressure Arteriosclerosis Estimation
Ahn et al. 2020 Wrist-worn PPG sensors Heart rate Monitoring of vital signs for healthcare 

purpose
K. Sel et al. 2020 Impedi bands- patch HR, heart rate variability (HRV), RR Continuous monitoring of physiological 

signals
Long et al. 2019 Wrist watch Speech and social activities Monitoring of mental wellbeing
Yeong and Soon 2019 Wearable sleepcare kit Quality of patient sleep, HR,  SpO2 To lessen obstructive sleep apnea sever-

ity
Yufa et al. 2018 T-shirt with textile electrode P wave, T wave, QRS complex, R 

peak, pre and post-RR interval
Continuous monitoring of vital signs

Wilhelm et al. 2016 Smart helmet HR, HRV, alpha rhythm, auditory 
steady state response and evoked 
potential

Reduce the traffic accidents

Kroll et al. 2016 Wrist worn personal fitness tracker Heart rate Early warning system to identify the 
clinical deterioration in ICU
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technology is mainly classified based on application layer, 
connectivity layer, data layer and the device layer.

The application layer is centred on process-to-process com-
munication to provide the end user service through the Inter-
net Protocol (IP) network. Two parts make up the application 
layer. The apps, i.e. the software developed is the first cat-
egory, and the second section is the platforms that act as the 
environment where the software can be executed. The connec-
tivity layer deals with the communication between the human 
and their digital surroundings. For real-time communication, 
wearable technology makes use of smartphones, which makes 
the body-worn devices fully automatic. There are different 
connectivity tools such as Bluetooth, LoRa, NFC, RFID, WiFi 
and other tools that link with smartphones. If the commu-
nication does not require any real-time processing, then the 
connectivity can be done with the support of universal serial 
bus (USB) and ethernets. The data layer provides the storage 
and computation environment, and the interface to the device 
layer. It helps to transmit the information from the biosensors 
into the databases. Different learning algorithms are used to 
analyse these data and it is transmitted again to the users via 
a web server or to the device itself.

Design consideration for implementation 
of wearable devices

Worldwide, the disease rate of COVID-19 drastically 
increased among people in a short span. In pandemic situ-
ations, continuous monitoring is essential not only for the 
patients but for every individual. It is essential to continu-
ously monitor every vital sign such as body temperature, 
blood pressure, blood glucose level, oxygen saturation, 
heart rate and respiration rate. However, in the healthcare 
network, it is a challenging task to provide medical ser-
vices to multiple patients simultaneously. The expense of 
the medical service and medical equipment, lack of space 
available in hospitals, limited number of physicians for 
providing treatment, all make monitoring the individual’s 
health status and their activities very difficult. The wear-
able health devices act as a supportive mechanism to over-
come this situation by providing self-monitoring in home 
or by monitoring the patients remotely. It helps in early 
detection of diseases and provides alerts in emergency 
situations. Many research studies are investigating the 
development of smart devices in the medical environment 

Table 6  Research carried 
out in the area of designing 
wearable devices for measuring 
certain parameters in healthcare 
applications

Reference Device Developed Parameters used for Disease 
Identification

Applications

Fu et al. 

(2018)

Wrist band Pulse wave, pulse wave velocity

and skin temperature

Cardiovascular diseases

identification

Kwangmuk et

al. (2019)

e-skin device Pulse wave, respiration and skin 

temperature

Blood pressure monitoring

Haydar et al. 

(2020)

Singlet Heart rate Continuous ECG monitoring

Lin et al. 

(2020)

Eyeglass Signal vector magnitude and 

angular head movements

Detects the fall in the elderly 

peoples

Vishal et al. 

(2020)

Wearable face 

mask

Various tidal volumes and breath 

frequencies during respiration

Breath monitoring for assessing 

the working of lungs

Miao et al. 

(2019)

Hand band R peak, pulse transmit time Arterial stiffness monitoring

Massaroni et 

al. (2020)

Smart garment Pressure and volumetric flow rates Respiratory monitoring for 

detecting physiological 

abnormalities

Taiyang et al. 

(2020)

Sensor patch QRS complex, P and T waves, ST 

segment and Pulse arrival time

Heart beat irregularities and 

Blood pressure measurement
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for monitoring the patient’s physiological activities. Com-
mercially, there are different wearable devices developed 
by numerous vendors so far for various healthcare applica-
tions. Since the wearable devices are body attached, cer-
tain design considerations should be satisfied during the 
development stage of wearable health devices, including 
affordability (Svanaes 2013), comfort, safety, reliability, 
responsiveness and user friendliness (Cho 2010), contex-
tual awareness (Armagan and Cigdem 2011), ergonomy 
(Lin et al. 2020), ease of use, simplicity, fashion, wearabil-
ity and intuitiveness (Dan et al. 2008), connectivity (Staff 
2015), and obtrusiveness and privacy (Darko et al. 2007).

The ultimate goal in designing a smart wearable health 
device is that it must have low power consumption or be 
self-powered, quality signal acquisition, early predictability 
or detection of disease and long-term continuous monitor-
ing. Power consumption is one of the major factors to be 
considered while designing a wearable device as the entire 
system requires a power supply to operate the device for 
continuous monitoring. Also, the choice of modules such as 
biosensors, the processor and wireless modules may further 
reduce the power consumption. The alternate solution to 
reduce the power consumption is integrating the device with 
an energy harvesting unit. The role of an energy harvesting 

Wearable 

Technology

Tracks Activity

Tactical Support

Health surveillance

App assistance

Conversational

Disease Awareness

Fitness Trackers

Product Layer

Application 
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Connectivity 
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Fig. 7  Components of the IoT value chain for wearable technology
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unit is to deliver the required energy to the device and store 
energy in batteries and super capacitors for future use. The 
energy harvesting unit can be designed by accumulating the 
energy generated from the surroundings through an efficient 
power management unit. This helps in continuous monitor-
ing of vital signs both in indoor and outdoor environments. 
The other method to reduce the power consumption will be 
designing the system with sleep mode functionality. This 
will help the device for long-term monitoring without any 
interruption. Implementing various wireless technologies 
in the device is also a necessary component while design-
ing the wearable device. The physiological signal and vital 
parameters can be continuously monitored and transmitted 
to the physicians or to themselves only based on the wireless 
communication network. Data synchronization is to be prior-
itized when working with multiple sensors within a device. 
These design criteria help the designer to develop wearable 
health devices for different healthcare applications.

Conclusion

This paper presents the importance of the different smart 
wearable devices for monitoring physiological and vital 
signs of individuals. The information presented in this 
paper helps designers to identify the essential requirements 
for designing smart devices for healthcare networks. The 
integration of the IoT with wearable devices provides easy 
communication of data to remote locations to provide timely 
support to the patients. The development of low power wear-
able devices is very important to offer continuous long-time 
monitoring of certain vital parameters. This article narrated 
the design considerations during the development phase of 
smart low power wearable devices for measuring vital signs. 
It is concluded that the details about the different sensors 
used, the vital signs to be monitored continuously, choices 
of different wearable devices and design considerations 
will help the designers and the researchers to develop new 
smart wearable devices for quality signal acquisition and 
effective processing and monitoring of vital parameters for 
adults and children to further provide enhanced cardiac care 
to patients. Also, the information available in this article 
helps the public to identify the need for suitable wearable 
devices to measure certain vital parameters for early detec-
tion of many diseases.
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