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Abstract

This review aims to present current advancements in wearable technologies and IoT-based applications to support independent
living. The secondary aim was to investigate the barriers and challenges of wearable sensors and Internet-of-Things (IoT)
monitoring solutions for older adults. For this work, we considered falls and activity of daily life (ADLs) for the ageing
population (older adults). A total of 327 articles were screened, and 14 articles were selected for this review. This review
considered recent studies published between 2015 and 2019. The research articles were selected based on the inclusion and
exclusion criteria, and studies that support or present a vision to provide advancement to the current space of ADLs, independent
living and supporting the ageing population. Most studies focused on the system aspects of wearable sensors and [oT monitoring
solutions including advanced sensors, wireless data collection, communication platform and usability. Moderate to low usability/
user-friendly approach is reported in most of the studies. Other issues found were inaccurate sensors, battery/ power issues,
restricting the users within the monitoring area/ space and lack of interoperability. The advancement of wearable technology and
the possibilities of using advanced IoT technology to assist older adults with their ADLs and independent living is the subject of
many recent research and investigation.

Keywords Ageing population - Independent living - [oT - Wearable devices - Wearable technology - Older adults - Falls

Introduction

In recent years, there has been an ever-growing need for a
sustainable solution/system to support ageing population, in-
dependent living, and activities of daily life for older adults.
Injuries in older adults are common worldwide, and ageing
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further contributes to the severeness such as in case of falls.
Therefore, age-related injuries represent one of the most com-
mon causes of long-lasting pain, functional impairment, dis-
ability and death in older adults [1]. The rate of hospital ad-
mission due to falls for people aged 60 and over in Australia,
Canada and the United Kingdom ranges from 1.6 to 3.0 per
10,000 population per annum [2-5]. One out of ten falls in
older adults results in injuries such as hip fractures, subdural
hematomas, deep tissue injuries and head injuries [5]. In ad-
dition to physical injury, falls can also have psychological and
social consequences. Fear of falling and post-fall anxiety syn-
drome are well-recognized as negative consequences of falls.
The loss of self-confidence that leads to an inability to ambu-
late safely can result in self-imposed functional limitations.
Moreover, Wearable Sensors (WS) systems are emerging
as an effective tool for prevention, early detection and man-
agement of Activity of Daily Life (ADLs) and falls among
older adults. As WS, smart textiles and body-worn garments
become smaller, cheaper and more consumer-accessible, it is
expected that they will be used more extensively across a wide
variety of contexts. The expansion of wearable/IoT systems
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for data collection offers the potential for user-engagement
and self-management of age-related illness and diseases [6].

Exploiting IoT technologies have been studied for devel-
oping ambient assisted living systems for healthcare.
However, many challenges exist for achieving reliable and
effective systems with high performance [7]. WS have been
widely used in various fall detection systems for continuous
monitoring, whereas using wearable devices often limits inde-
pendent ADLs of older adults [8]. ToT and WS technology
should be efficiently and widely used to contribute to falls
prediction and prevention for the ageing population [9].

We aim to review and analyse the current advancements in
the area of wearable technologies and IoT-based monitoring
for older adults. Additionally, this review highlights chal-
lenges, barriers and opportunities for sustainable adoption of
WS and IoT in wider healthcare settings. This review is the
continuation of previous literature reviews conducted on WS
and IoT systems [2-5, 10-12].

Methodology

We chose the preferred reporting items for systematic reviews
and meta-analyses (PRISMA) as the systematic review meth-
odology [13]. A total of four databases were searched, includ-
ing PubMed, Scopus, SpringerLink and the IEEE Xplore
Digital Library. All databases were searched using keywords
“Wearable Sensors” and “Activities of Daily Life” or
“Wearable Monitoring” or “Internet of Things” or “IoT for
Older Adults” or “ADLs” and “Falls in older adults”.
Additionally, we searched the terms ‘elderly’ to avoid exclud-
ing paper on older adults and various combinations such as
ADLs/ Falls/ Elderly/ IoT/ Sensors/ old age group.

Articles selection and exclusion criteria

One of the authors conducted an initial screening of the re-
trieved records. Duplicated articles were eliminated, and ad-
ditional records were excluded after reviewing individual ti-
tles and abstracts. A second author then reviewed the included
studies and evaluated the full-text articles or eligibility. The
eligibility criteria for inclusion in the review were:

1. Original articles mainly published as a journal article

2. Paper published or reported during 2015 (inclusive) and
2019

3. Wearable sensors/ [oT (hardware integrated with soft-
ware) for older adult monitoring solution was the primary
subject of this study

4. Targeted towards ageing population and independent liv-
ing only

5. Written and published in English

@ Springer

We excluded articles that were not considered original re-
search, such as letters to the editor, comments or reviews.
Because this review paper focused on WS and IoT, we also
excluded studies that solely tracked activity, exercise, video
surveillance and other generic health and well-being
applications.

Article search results

Initially, 327 studies were identified through database
searching. After excluding duplicated records, 234 records
were eligible for screening. A total of 193 records did not meet
our inclusion criteria based on the initial screening. And 41
studies were included to be evaluated for eligibility. Full-text
records were retrieved and reviewed by two authors. After
excluding irrelevant studies, 14 articles were selected for the
final review. The study selection process is depicted in Fig. 1
and a detail description of the included studies is shown in
Table 1.

Overview of wearable sensor and loT systems
for older adults

The subject of advanced WS and IoT technologies for
supporting the independent lifestyle of older adults has been
an active research area. The selected 14 articles have been
analysed in this section and summarised in Table 1.

Applications on activities of daily life monitoring
and independent living

A fully integrated and low power footwear-based wearable
system “SmartStep” using insole sensors was presented for
activity monitoring [20], while extended and validated for
accurate recognition of ADLs [21]. The SmartStep consists
of pressure sensors, a 3D accelerometer and a 3D gyroscope
integrated on a CC2540 system on chip that is embedded in an
insole. A performance comparison was introduced for com-
paring the SmartStep with a wrist-worn sensor (combining
accelerometer and gyroscope), and a combination of both sen-
sors, targeting classification of a broader set of ADLs. The
results of the adopted free-living study showed that the
SmartStep recorded the best for the perceived comfort, where
the overall agreement with ActivPAL was 82.5 and 97% ac-
cording to the laboratory study.

A modular decision support framework was proposed for
improving independent living and aging well based on geriat-
ric depression case study [22]. The proposed decision system
consists of three main components, trend analysis, decision
support core, and risk prediction and assessment. The pro-
posed system is based on statistical process control for identi-
fying trends and fuzzy cognitive maps learning for depression
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Fig. 1 The study selection
process
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classification. The presented framework adopted the FCM-
DDNHL classification method, where an estimated mean val-
ue of 78.66% was achieved for the classification accuracy.

A front-door events classification algorithm was proposed
aiming to detect the forget event of older adults in smart hous-
es [23]. A novel brief-return-and-exit (BRE) event classifica-
tion was introduced targeting non-invasive detection of for-
getting event using wireless binary sensors. Results demon-
strated a positive correlation between the number of exits,
BRE events and BRE percentage, which shows that the pro-
posed forget event detection method could help in evaluating
people with dementia.

A data-driven smart home system was introduced, which
used web technologies for connecting IoT devices [24]. This
study focused on proposing a web-based system targeting the
ease of identifying ADLs from sensor data, as well as
connecting identified ADLs to controlling actuators. A meth-
od of monitoring ADLs was introduced using commercial
sensors to record easily distinguished activities while control-
ling actuators at home by using user-defined rules to show a
summary of ADLs. A prototype system was implemented for
the proposed design of a data-driven process including log
aggregation, activity recognition, and device control steps.

A wrist-wearable accelerometer-based solution was pre-
sented for improving fall detection of older adults [25]. A
threshold-based peak detection approach was used and ex-
tended with an optimization stage for tuning the threshold.
The feature extraction stage was also extended to balance
the classes of the dataset. Alternative classifiers were analysed

to optimize computation and adaptability, aiming to embed
within a smart wristbands/phones. Many different published
datasets were applied in this study, in addition to a compre-
hensive comparison to analyze various solutions for fall de-
tection. Results showed that using SVM model could optimize
the specificity and number of false alarms.

A smartphone-based solution was presented for remote and
non-invasive monitoring of older adults in smart cities that is
based on smartwatch usage [26]. The proposed architecture
includes a wearable smartwatch, home sensors and three
Android smartphones. The user smartphone handles WS,
while the home smartphone/tablet manages home sensors
and ambient assisted living’s devices. The caregiver
smartphone receives data and alerts to allow user monitoring.
A framework was adopted for simplifying data collection and
management of different external connected devices and sen-
sors in Android applications. The proposed smartphone-based
approach (ambient assisted living application) is feasible to
achieve non-invasive monitoring and improve the indepen-
dent living of older adults.

A real-time online assessment and mobility monitoring
framework based on a smartwatch was proposed, incorporat-
ing a smartwatch application and a remotely-connected server
[27]. An infrastructure was designed for sensor and user-
reported data collection, transmission, visualization, and anal-
ysis for the targeted framework. The smartwatch application
collects sensor and user-reported data for processing and
transmitting to the remote server, where data is collected and
retrieved for remote monitoring as well as data visualization

@ Springer
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Table 1 (continued)

Outcomes/ findings

Study aims Platform/ sensors used

Target area or population

Author and
year

A 3D-axis accelerometer-based wrist-worn on  The rule-based systems represent a promising

Improving fall detection of older adults using an To develop a wrist wearable solution

S. B.

research line similar to neural networks while
reducing computational cost. Support vector
machine achieved a high specificity

a smart wristband with a peak detection

for improving fall detection by
adding optimization stages

on-wrist wearable accelerometer

Khojasteh

optimization stage, dataset balancing stage
and alternative machine learning methods

etal. 2018

[25]
P. Bellagente Remote and non-invasive monitoring older

A versatile and scalable sensory system was

To develop an ambient assisted living The proposed architecture incorporates a

presented and simplified with adopting a

application (smartphone-based wearable smartwatch, home sensors and

adults in smart cities using a smartphone-

and smartwatch-based solution

etal. 2018

[26]

framework to handle various external devices

three Android smartphones with an android
app-based framework for integrating

connected sensors

solution) for remotely monitoring
older adults in a non-invasive way

to improve the lifestyle

in Android applications. An ambient assisted

living application was achieved for

enhancing independent living of older adults

To develop a framework for real-time  An infrastructure for sensor and user-reported The smartwatch-based framework integrating

Real-time online assessment and mobility

M.

sensor-based and user-reported data

data collection, transmission, visualization,
and analysis, where the workload

remote monitoring by integrating a

monitoring framework for collecting data
simultaneously in domains of physical

Kheirkha-
han et al.

collection allows for data visualization and
summary statistics in real-time and it meets

smartwatch-based application and a

remotely-connected server

is distributed among the smartwatch

application and server program

activity, mobility, EMA, patient-reported
outcomes, and intervening health events

2019 [27]

some of the major requirements for the next

generation of ToT-based Health

and analysis in real-time. The framework is promising for the
next generation of loT-based mHealth, offering an interactive
interface and remote application configuration in addition to
server features for flexible online customization. Moreover,
the smartwatch accelerometer sensor achieved highly corre-
lated results with a validated and research-grade
accelerometer.

Applications on falls detection and falls prevention

A smart and connected home health monitoring system was
presented for senior care at home [28]. The proposed system
has both hardware and software components. The hardware
components consist of four object sensors, a wearable human
sensor with an alarm button and a gateway, while the software
components include data collection API, a database, an ana-
lytics engine and a web portal. A fall detection system using
the WS was proposed, which is based on hidden Markov
models with sensor orientation calibration methods. The de-
veloped model achieved 0.990 and 0.984 for sensitivity and
specificity respectively. In addition, a deep learning-based
model (CNN + RNN) was proposed to process accelerometer
readings from the wearable and object sensors for recognizing
ADLs, showing 99.5% accuracy from the used CNN model.

A fall detection algorithm and ADLs classification algo-
rithm were proposed based on a wrist-worn wearable device
to be implemented on microcontrollers units (MCUs) [14].
The proposed algorithms are power-efficient that are capable
of implementing on 8-bit MCUs with limited clock speed and
memory. Both algorithms employed an interrupt-driven meth-
od based on a recent digital Micro-Electro-Mechanical
Systems (MEMS) accelerometer that supports interrupts and
data buffering. The used approach is more power-efficient and
different from conventional algorithms by decreasing time
dependency on the host MCU. The proposed classifier
achieved 94.97% accuracy as well as saving power and
bandwidth.

A waist-worn detector was presented for fall detection of
older adults, which utilized an Attitude and Heading
Reference System (AHRS) combining a 3-axis accelerometer,
a 3-axis gyroscope and a 3-axis magnetometer [15]. A barom-
eter sensor was integrated into the targeting device to improve
the efficiency and performance of the system by measuring
the altitude variation in a fall [16]. Three different experimen-
tal protocols of falls and ADLs were adopted for evaluating
the developed fall detection system. The results demonstrated
better performance compared to existing conventional fall de-
tection systems exist in the literature through using the four
combined sensors with the data fusion algorithms efficiently.

A novel fall detection system was implemented based on
simple passive Radio Frequency Identification (RFID) tags
and exploiting the Doppler frequency value for fall detection
[17]. The RSS was used to detect a static state and the Doppler

@ Springer
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effect value was used for identifying a fall action of the older
adults. A Wavelet Transform (WT) was applied for pre-
processing the RF signal, while a support vector machine
classifier was used for fall detection. In addition, a monitoring
system’s prototype called “TagCare” was introduced and
evaluated using extensive experiments, showing a high accu-
racy for efficient movement and fall detection in real life.

A fall detection system for older adults in indoor environ-
ments was presented, which is based on IoT and a Big Data
model “Ensemble-Random Forest (RF)”, exploiting the ma-
chine learning processing algorithms [18]. The proposed sys-
tem utilized a 3D-axis accelerometer embedded into a
6LowPAN wearable device for capturing data in real time, to
be processed and analysed by the employed ensemble-RF
model. For achieving high performance and efficient system,
the ensemble-RF classifier was selected based on a compara-
tive study based on testing and analysing other three machine
learning algorithms for fall and ADLs detection. The proposed
system was evaluated for detecting three types of both falls
and ADLs, where a high success rate of above 94% was
achieved for accuracy, precision, sensitivity, as well as
specificity.

Challenges and barriers to the wider adoption
of WS and loT applications

The next generation of WS and IoT systems is likely to im-
prove the quality of human life by assuring high comfort while
increasing the intelligent use of limited resources. Further im-
provements in textile sensors design, signal quality, miniatur-
ization and data acquisition techniques are required to fulfil
these expectations. Figure 2 shows the overview model of
WS/IoT systems and lists four key areas which are currently
limiting the wider clinical adoption of wearable technology,
especially among older adults. The following sections elabo-
rate on the issues pertaining to these four key areas. Table 2
summaries the issues and challenges related to WS and IoT
devices.

Wearable sensors and loT devices

The number of biosensors used in current WS is generally
large and requires specific on-body placement or body pos-
tures to provide reliable measurements [29, 42]. One of the
technical barriers when using WS and IoT applications is the
obstruction of feature extraction from the signal due to motion
artefacts, body movement or respiration and this needs to be
resolved in order to collect high-quality data [30]. A study by
Etemadi et al. [31] utilized advanced signal processing to col-
lect accurate and reliable seismocardiography (SCG). To in-
crease the quality and accuracy of the SCG, linear filtering,
detecting the R-wave peak timings from the ECG, and using

@ Springer
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Fig. 2 Overview of WS and lIoT-based systems

these timings as a fiduciary for ensemble averaging the SCG
were implemented.

In a similar study that investigated biofeedback training for
emotion management and patient monitoring [32], the signals
collected were unreliable and disturbed by a variety of noises.
Most body-worn applications report that the system’s accura-
cy is hampered by noises such as electromagnetic interference
of power line, poor quality of contact between the electrode
and the skin, baseline wander caused by respiration, electro-
surgical instruments and movement of the patient’s body.
Most of these noises cannot be filtered out completely over
the hardware-processing unit due to the processing limita-
tions. Therefore, it is necessary to filter out these noises as
much as possible in the software platform. The researchers
from this study adopted the Butterworth notch filter and finite
impulse response band-pass filter to eliminate power line in-
terference and baseline wander, and a novel multi-scale math-
ematical morphology (3 M) filter to reduce the impact of the
non-linear noises caused by poor electrode contact and motion
artefacts.

Data collection and processing

One of the most common issues with wearable systems is the
delay in providing results and generating alerts due to data
loss, buffering, network communication, monitoring or pro-
cessing [33-35]. These systems were developed for specific
setup and care settings to assist patients’ specific need.
Wearable systems using 3G/4G data suffer connectivity issues
due to the remote network, low signal strength in remote
places, low battery lifetime, low transmission speed, thus
resulting in delay or low-quality data for periods of short time
[33, 43]. To address these issues, a cross-layer framework has
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Table 2 Issues and challenges on data collection, data processing, usability and acceptability related to WS and IoT devices

Reference Application area

Challenges and gaps

[29] Review of the IoT applications

[30] Interoperability of the wearable devices

[31] Advanced signal processing to collect accurate and reliable
seismocardiography (SCG)

[32] Wearable Sensors for ECG monitoring

[30] User’s posture during rehabilitation exercise

[33-35]  Data collection and data processing techniques

[36,37] Connected network and data security for hospital settings
[38] ECG monitoring

[38,39]  Sensor-based WS and IoT applications

[40] Machine learning for big data in healthcare

[41] Usability and acceptability performance measurements

Size of the device and accuracy of the collected data

Poor feature extraction from the signal due to motion artefacts,
body movement or respiration

Accuracy and reliability of the sensor data

Signals collected were unreliable and disturbed by a variety of noises.
Usability and accuracy

Data loss, buffering delay, network/ communication errors, and outcome
delays due to complex processing

Privacy, security and safety of the transmitted data

Poor signal quality, disturbances and noise in the signal

Delays in processing, noise/ signal processing and quality of the collected data
Saleability and big data processing

Low user acceptability and low usability in other use-cases

been developed based on unequal resource allocation to sup-
port secure wireless wearable data encryption and transmis-
sion [36, 37]. The low battery life issue occurs due to contin-
ued connectivity of device/sensor with the Bluetooth, WiFi or
3G/4G networks [38, 44, 45]. Moreover, if the power supply
is not an issue, then the mobility of the device may become
problematic, especially for older adults.

A portable ECG monitoring device developed by Lee et al.
[38] can easily measure the ECG by connecting the measuring
module to a patch with a minimized electrode array using a
snap button. The measuring module is small (38 mm wide,
38 mm long, and 7 mm thick). The weight of the module
including the battery is 10 g. The study reported that an
ECG signal was collated using a commercial device that was
similar to the conventional Holter monitor. The study reported
that even with the wires firmly fixed, the ECG signal quality
was often disturbed, as the wires moved depending on the
subject’s body movements. According to another study, the
ratio of motion peaks to normal peaks was estimated as being
about 10% when the ECG was taken from a freely moving
patient using the Holter monitor [44]. For this reason, ECGs
obtained using Holter monitors are limited, and algorithms
used to eliminate noise from the data have been actively
developed.

The current focus is to detect and exclude the generated
noise from the data analysis/ processing phase. However, it
is also equally important to reduce the occurrence of noise
itself in the first instance, and this is a common issue with
almost all sensor-based WS and IoT [38, 39]. In real-time
scenarios, wearable data transmission often requires some da-
ta processing and therefore network delays. Some systems
produced good results when tested offline but reported delay
when tested in real-time [33]. Prakash et al. [46] demonstrated
an efficient connectivity and communication framework in a

real-time wireless hospital sensor network, which could be
adopted for acute care settings.

Techniques for risk assessment, actions and warnings

Machine learning and artificial intelligence techniques have
the potential to transform healthcare services by improving
diagnostics and predictive modelling. The utilisation of these
techniques in healthcare is still emerging, as it requires con-
siderable analysis to provide reliable results that clinicians
would use. The raw data collected from WS would provide
a data source that did not exist before. These data would un-
dergo further analysis to be transformed into meaningful and
actionable information. This process would be supported by
real-time machine learning processing techniques. Advanced
signal processing algorithms for faster processing, low power
consumption, low cost, and less complexity have been applied
to healthcare settings. A medical grade remote monitoring
system with reliability exceeding 99% has been developed,
but a 2.4-s initial buffering delay, as well as small processing
and network delay, were reported [37].

The current state of wearable monitoring systems can be
further enhanced with the integration of such techniques into
the hardware or in the cloud computing platforms for real-time
processing. From a software point-of-view, processing big
data is usually linked with programming paradigms [40].
Several open-source frameworks such as Hadoop [47] are
being used to set up distributed database environments via a
scalable architecture. This provides a basis for further usage
via other tools (such as Cascading, Pig, Hive) [47] that enable
developing applications to process vast amounts of data (by
order of terabytes) on commodity clusters. However, when
combined with continuous streams of pervasive health moni-
toring, this also requires capacities for iterative and low-
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latency computations, which depends on sophisticated models
of data caching and in-memory computation. Thus, other
frameworks such as Storm and Spark have been created to
fulfil this gap [47].

An accurate expert/support system could be achieved by
utilising the insights gained by taking a machine-learning ap-
proach to the data collected via WS and/or wireless medical/
IoT devices [48]. A cloud-based clinical decision support sys-
tem embedded with machine learning techniques could in-
clude drug-drug allergies, individualised drug dosing, clinical
risk scores/ scales and gaps in care — alerts, reminders, warn-
ings and notifications [49-51].

Usability and acceptability

We believe that one of the core advantages of WS systems is
the patient’s (user’s) self-engagement with the treatment —
which is often missing. There is a shift in wider thinking of
WS and IoT systems as ‘only data collectors’ to viewing them
as being self-engaging and motivating systems which allow
rich interactions between patients and clinicians [52—54].
User-engagement and user-interaction are some of the impor-
tant uptake factors among consumers (non-clinical care
settings) for wearable technologies [34, 55, 56].

There are very few existing studies that address usability
and acceptability challenges for health monitoring. Usability
and acceptability performance is evaluated based on different
measurements of willingness to use and keep, simplicity, reli-
ability, wearable time, satisfaction level and ADLs interfer-
ence [41]. The existing WS and 0T devices need modifica-
tions in terms of manufacturing and technical capabilities to
address critical issues such as battery/power consumption,
restricting the user’s movements within a confined area/
space and high cost. Interoperability is required for [oT appli-
cations to support the electronic health record of the user and
also to maintain the large health data, especially related to
long-term condition or chronic care conditions [57, 58].

A behavioural change of older users is reported with incor-
porating related information of estimated fall risk to the wear-
able system, as well as improving the level of user acceptabil-
ity and awareness [59]. Different processes are identified for
facilitating the user-engagement with remote measuring tech-
nology. A feedback loop model is proposed to work on iden-
tified barriers and facilitators, aiming to moderate a point of
disengagement towards a sustainable engagement through a
reengagement process [60]. However, specifically designed
experimental studies are required for further evaluation of us-
ability and acceptability.

User feedback is one of the essential components for de-
veloping an acceptable system that developers should careful-
ly consider. Besides, incorporating behavioural and emotional
change models should be considered in the requirements en-
gineering phase, as well as in development, evaluation and
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deployment phases. The usability and acceptability challenge
for older patients is analysed with a comparative study of
using four selected wearable/mobile devices. The study con-
cluded that both hardware/device designers and system devel-
opers should cooperate towards ease-of-use and comfort WS
and other special needs of older people. Consequently, usabil-
ity and acceptability of wearable devices should meet the
challenging demands and concerns of the older adults, while
achieving an efficient and reliable monitoring system [61-63].

Discussion and conclusions

In this paper, we reviewed 14 WS and IoT-based applications
by selecting studies published between 2015 and 2019 to
evaluate their technological advancements and their imple-
mentation of advanced WS and IoT devices supporting the
ageing population and independent living of older adults.
We focused on identifying three main challenges regarding
data collection and processing; techniques for risk assessment;
usability and acceptability of WS and [oT in wider healthcare
settings. We analysed design concepts of WS and loT systems,
identified key specifications and parameters such as the posi-
tion of the sensors and quality of the signals, real-time/ offline
data processing, wider system integrations, data quality and
user-engagement and user-interaction that requires attention.
Also, we have highlighted the potential of such technologies
when implemented and tested in the clinical environment [51,
64].

With the ever-growing use of WS and IoT systems, end-
user acceptability is an important aspect of the design and
development of such systems. The acceptance of any system
in the healthcare domain depends on user-awareness, as well
as clinician and patient acceptance. Moreover, this review
signifies the heavy dependency of wearable monitoring sys-
tems on communication technology, sensor connectivity, cost
when using mobile data (4G/5G) for data communication for
continuous usage and quality of real-time data collection. Data
connectivity is one of the main drawbacks of deployed WS
and IoT where patients are ‘constrained’ within fixed spaces
fitted with monitoring devices with small Bluetooth range [45,
53, 65-67]. Therefore, further research and development in
communication technology, sensor connectivity, and quality
of real-time data collection are essential for adoption and use
of wearable sensors and IoT-based monitoring applications in
senior living.

We also found that majority of WS and loT applications are
struggling with management of battery/power consumption,
real-time data processing vs. offline delayed processing, data
collection vs. data processing and transmission and quality of
the data/ signal. Moreover, end-user acceptability and usabil-
ity of the application has been neglected in most of the recent
research. We believe the usability and acceptability issues
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could be addressed by; (1) an early engagement with the wider
stakeholders, end-users and clinicians, (2) understanding the
issue/ problem and co-designing the solution with end-user
(clinical and non-clinical) and (3) adapting the best approach
to present the information meaningful and easy to understand.

An advanced wearable application named Hexoskin™ [68]
(ClinicalTrials.gov Identifier: NCT02591758) with a smart
vest and embedded sensors is available for the consumers. It
provides the user with seamless and fully integrated
information regarding heart rate, breathing rate, minute
ventilation, heart rate maximum, resting heart rate, heart rate
recovery, maximal oxygen uptake and cadence. It uses textile-
integrated sensors for activity, respiration and heart rate and
intelligently makes use of the three-cardiac dry and textile
electrodes. The cardiac sensors for ECG uses 1 channel,
256 Hz, heart rate 30-220 beats/min, 1 Hz with QRS event
detection, RR intervals and heart rate variability analysis. For
breathing monitoring, the system uses two channels, 128 Hz;
breathing rate 3—80 breaths per minute, 1 Hz; tidal volume
(last inspiration) 80—10,000 mL, 1 Hz; minute ventilation (in-
ductance plethysmography) 2—150 L/min, 1 Hz and inspira-
tion and expiration events: 8 ms resolution. Hexoskin™ pro-
vides users with real-time and remote monitoring via secure
Bluetooth connected mobile app (i0OS and Android), a web
dashboard, up to 14 h of battery life (rechargeable), free data
storage in cloud and secure access anytime [68, 69].
Hexoskin™ allows users to download the raw data in machine
readable format, as well as provide users with processed /
meaningful data. The access to the application programming
interfaces (APIs) and raw data in machine-readable format
enables the healthcare professionals and researchers to mine
the data for population health benefits.

A paradigm shift in healthcare delivery is occurring which
has been made possible by the technological revolution in WS
systems, the IoT, and the potential of employing machine
learning, deep learning and artificial intelligence [43]. The
treatment of many medical conditions is guaranteed to benefit
from the use of wearable and IoT technology [43].
Consequently, WS and IoT applications are showing some
potential for low-cost remote monitoring, supporting indepen-
dent living, reducing falls among older adults, early detection
of various long-term conditions and more. However, the pre-
sented technical challenges need to be fully understood and
resolved before the WS, and IoT-based wearable sensing and
IoT-based monitoring applications can be successfully used to
support older people at home.
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