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Abstract
Mobile health technology is a rapidly growing field with numerous promises to make substantial impact in our lives. To open
this special issue, which brings to you many exciting research results in mobile health technology, we discuss two important
aspects of this technology. One is how they can be integrated in our daily lives as important care devices, especially during
periods such as the more and more frequent pandemics around the world. Having discussed their advantages, we calculate
their estimated footprint in the energy consumption and dioxide carbon they produce globally. With that we raise awareness
and invite researchers to work on reducing their energy consumption to ensure that they maintain a low footprint even if
their numbers explodes in the near future. We finish this article with a brief teaser of the papers published in this special
issue and wish you a good read.
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1 Introduction

Recent advances in the mobile technology, and particularly
wearable healthcare devices, have led to unprecedented
access to physiological data. Mobile health technologies are
used in many applications, such as well-being and sport
activities [1–3], physical health [4–8], and mental health [8–
11]. These advanced devices provide access to a vast
amount of data, which can revolutionize our understanding
of human health and the healthcare system.
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The COVID-19 pandemic locked us all in and captured
our attention. Now, we appreciate the importance and
hardship of healthcare personnel more than ever. They
provide care to COVID-19 patients knowing that they
are extremely exposed. Most healthcare facilities are
understaffed (at least for coping with such a pandemic,
if not always) and the personnel are all exhausted of the
extra hours of hard work. This exhaustion may lead to a
moment of absentmindedness and a small but fatal mistake.
The pandemic highlighted the importance of reducing their
burden beyond the potential economic savings that mobile
health technologies can bring to healthcare facilities.

Another characteristics of this pandemic is the recom-
mendations of self-isolation, even if (and especially if) one
is certain that they have contracted it. That is, naturally, until
the point that the symptoms are not too grave for homecare
and one is not in absolute need of professional care at a
healthcare facility. However, an important question here is
how to recognize that “point”? The critical point upon which
one is in such conditions that requires professional care and
referring to healthcare facilities. In Section 2, we discuss
Early Warning Score (EWS) system as a solution and how
it can be rendered feasible at home and in isolation too.

In Section 3, we discuss another side of the coin, namely
the footprint of the mobile health technology. We estimate
the overall energy consumption of all wearable healthcare
devices world-wide and its impact on environment. In
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particular, what would it take to compensate for their carbon
footprint. Even though this footprint at the moment may
not be a major issue globally, given the exponential growth
in the mobile health technology sector, they can soon
constitute a significant portion of our footprints. Therefore,
it is important to be mindful of their footprint and while
we work on designing better and more ubiquitous wearable
devices, keep an eye on their energy consumption and take
steps in decreasing their power consumption.

In Section 4, we briefly review the exciting research
papers that are published in this special issue edition before
concluding in Section 5. We would like to thank you for
your time and attention and hope that you will enjoy reading
this special issue. We are grateful to the authors of the
many exciting articles published in this special issue and the
editorial staff at MONET, without whose contributions this
special issue would not come to existence. Thank you.

2 Daily care and pandemics

Studies in the 80’s showed that a certain biological measures
are good indicators of potentially life-threatening health
deteriorations. They realized that by assigning a score to
out-of-range values of these metrics and summing them up,
majority of cases, where patients were sent to Intensive
Care Unit (ICU) or lost their lives could be predicted
up to twenty four hours in advance [12]. This led to
various -slightly different- scoring systems, called Early
Warning Score (EWS), which have been in use since then
to enable an agile preventive measure against such sever
health deteriorations. To this end, a healthcare professional
(usually nurses) go to hospitalized patients on regular
intervals to manually measure these metrics. These metrics
are heart rate, respiratory rate, systolic blood pressure,
core body temperature, oxygen saturation level, and level
of consciousness. The higher the EWS, the more at risk
the subject is, and sooner they should be subject to more
intensive care [13].

Here, there are a few things that are not optimal currently.
First, this takes a lot of time and energy from the healthcare
personnel. In times such as the COVID pandemic, when
healthcare facilities are severely understaffed (and way
more than usual), this issue is more critical than ever. More
importantly, this exposes the highly on-demand healthcare
personnel to a high risk, since they have to come in
contact with COVID patients, or anybody else with a highly
contagious diseases. Moreover, these measurements are not
continuous, which means some precious hours may be lost
between each two checkups. Trying to reduce the health risk
for the patients by more frequent checkups means a larger

burden on the time and energy of healthcare personnel and
higher exposure to risk. Last but not least, a point which
affects COVID-19 patients significantly, this procedure is
not and often cannot be conducted at home by the patients
themselves. Whereas it is desired to do so, for many patients
like those who are in self-isolation due to COVID-19, or
were recently released from hospitals, pandemic times or
not. The solution, as you may guess, is trying to perform
this automatically and using wearable devices.

Assessing EWS using wearable devices has its own
challenges too. One of the most important challenges is the
reliability of measurements [6, 14]. Whereas nobody wants
a missed alarm, too many false alarms also have unwanted
repercussions; the cost it imposes on healthcare system to
have a closer look on the health status of the patients and
potential drop in sensitivity and reaction to the raised alarms
are two of these repercussions. Causing unnecessary extra
stress and psychological burden for patients and their family
is another. However, these procedures are highly error prone
due to the uncontrolled conditions of use, and many non-
idealities such as noise and movement artifacts [15, 16].
Therefore, it is crucial to identify [16, 17] of such problems
and addressing them [4–6, 14, 15]. Another challenge is the
number of sensors and devices required to measure all these
parameters. Currently, the state-of-the-art in research is
using a portable device and four or five sensory devices [15].
Even though the portable device can be a regular cellphone,
as you can imagine, wearing so many sensors -especially
continuously and for a longer time- is not very comfortable
and in many setups not feasible.

Some of these devices, such as the ones for blood
pressure measurement, even in their digital form are not
made for continuous measurements. Some others, such
as the ones used for direct respiratory rate measurements
are extremely cumbersome to wear for a long time and
may interrupt some daily activities since they involve
a mouthpiece. Therefore, there has been several efforts
in trying to measure respiratory rate indirectly [18–21].
However, they often have a very large measurement error
(in the range of actual respiration rate at rest) unless in very
controlled conditions that are not very realistic in practice.
To tackle this challenge, we proposed a frequency analysis
technique which outperformed previous methods [6]. More
importantly, it managed to reduce the average error -despite
movement artifacts- to a mere 3 breaths per minute, which
is an acceptable error margin for the purpose of EWS
assessment.

Being able to measure respiratory rate using smart-
watches allows for future development of applications that
detect irregularities and disruptions of the respiratory sys-
tem. A crucial symptom, which its early detection using
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a smartwatch, an everyday object, can save lives of many
affected by COVID-19, without requiring expensive and
hard to use medical devices.

In a further attempt to reduce the number and cost
of necessary sensors for measuring EWS and enabling a
continuous monitoring of this parameter, we proposed [7].
In [7], we showed that using the same smartwatch as
before, the blood pressure can be estimated using a single
Photoplethysmogram (PPG) signal from the smart watch.
The simple initial algorithm that we have proposed has
an acceptable accuracy of around 10%, which is an
acceptable error range for EWS. Therefore, using a single
PPG signal of a smart watch, three of the five biosignals
necessary for EWS can be measured. A smartwatch, such
as Empatica [22], which provides a temperature sensor can
further increase this ratio to four out of five. Hence, with
a complementary finger-tip wearable sensor for measuring
oxygen saturation, all above parameters can be measured
by in-home patients themselves and in a continuous
fashion. However, there is still room for improvement.
Integrating oxygen saturation measurement into a wrist-
worn device, which is a reasonably feasible feat, can further
facilitate EWS measurement by completely improving any
inconvenience and intrusion that a finger-worn device may
introduce to daily activities of individuals.

3 Energy consumption and enviornmental
aspects

Although wearable electronics consume a negligible power
by themselves, given their large number and exponential
growth, together they have a considerable effect on the
energy consumption world-wide. Cisco reports that 19%
of approximately 12.5 billion connect Internet of Things
(IoT) devices in 2022 are health related. That is, 2.37 billion
devices [23]. From these devices, 1.1 billion are estimated
to be wearables [24] (ntotal = 1.1 × 109). These devices
had a large range of variations in terms of their power
consumption. An Electroencephalogram (EEG) sensor can
have an average power consumption as low as 2mW [25]
and a smartwatch as high as 310mW [26]. Therefore, let
us assume their average to be a representative number for
the average power consumption of wearable devices, i.e.,
Pw = 156mW. They usually use Bluetooth to connect to a
hub, e.g., a cellphone, to show their outputs or connect to
the internet to send their data to necessary databases. We
take the energy consumption of such a hub to be the 500mW
reported in [27] for Bluetooth connection (and excluding
any calculations and execution of any applications on the
phone), i.e., Ph = 500mw. Therefore, we can estimate the
average power associated with using a wearable healthcare

device to be

Pavg = Pw + Ph = 156 + 500 = 656 × 10−3. (1)

Using the average power consumption associated to using a
wearable healthcare system and their total number, we can
now estimate their overall power consumption in 2022 to be

Ptot = ntotal × Pavg

= (1.1 × 109) × (656 × 10−3) = 721.6 × 106 (2)

or 727MW. If we assume one hour for charging the devices
and 23 hours usage otherwise, we have

Etot = 727 × 23 = 16721MWh, (3)

or 1.67GWh. To better understand the meaning of such a
number let us consider the following.

Assuming a 12 hours daylight and a typical photo-voltaic
panel from [28], we can calculate that wearable healthcare
devices in 2022 consume an energy equal to what 17.4
million solar panels would produce.

Using [29] as a reference, we calculate that the footprint
of these devices in 2022 is equal to 1942 tons of CO2.
According to [30], this implies that to compensate for the
effect wearable healthcare devices in 2022, we need about
11.34 million conifer trees. If we were to absorb the
produce CO2 with plain field grass only, we would need an
area equivalent to Morocco or Iraq.

We note that above numbers and calculations regard
only 2022. With the expected exponential growth in the
number of these devices their effect on energy sector and
environment will grow exponentially too. Therefore, it is
mandatory to slow down this growth by designing wearable
healthcare devices that consumer less power. The work
presented in [25, 31] are two examples of such an approach
at hardware and software level.

4 An overview of accepted articles

This special issue features many exciting research results
that help in improving mobile health technology.

“Confidence-enhanced early warning score based on fuzzy
logic” focuses on improving the EWS assessment, which
we presented and discussed at length in Section 2, and the
reliability of the diagnosis. One of the aspects in this work
is to consider that the patients health changes gradually and
continuously. Hence, using fuzzy functions and logics when
assessing changes in the health status of the subject can
filter out many false alarms that would have been otherwise
caused due to non-idealities of wearable systems and the
condition in which they are used.
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“Detection and removal of motion artifacts in PPG signals”
takes a different approach in improving the reliability of
diagnosis using wearable devices, namely how to detect and
remove motion artifacts. This includes methods that take
advantage of accelerometers integrated in many wearable
devices but also methods which do not use accelerometer
data.

“A Self-Aware Epilepsy Monitoring System for Real-Time
Epileptic Seizure Detection” proposes a self-adaptive sys-
tem that monitors itself and adapts its behavior to improve
the real-time seizure detection in epileptic patients.

“A Novel Edge Analytics Assisted Motor Movement Recog-
nition Framework Using Multi-Stage Convo-GRU Model”
shows an application scenario for the validation of an edge
analytics assisted deep learning based motor movement
recognition framework; this allows for analyzing the scale
of physical activity of the patient using wearable devices,
and giving them real-time suggestions.

“Wearable Vibrotactile System as an Assistive Technology
Solution” presents a device which uses vibrations for
delivering customizable tactile patterns to be used for
relaying feedback information through the skin, by means
of frequency and amplitude modulation.

“Supervised Recovery of Shoulder Muscular Skeletal Dis-
orders Through a Wearable-Enabled Digital Application”
presents the Shoulder Physiotherapy digital application.
This is an application with a rehabilitation protocol for the
treatment of shoulder impingement syndrome; the applica-
tion allows for a patient-centered physioteraphy program
and remote monitoring of the therapy and its progress. As
an IoT devive enables the rehabilitation to be executed both
in clinic and at home.

5 Conclusions

In this paper, we briefly discussed the role and importance
of mobile health technology in daily care, especially during
pandemics. We then calculated their estimated footprint
in terms of energy consumption and environmental effects
world-wide and emphasized the role they may play in the
future, which demands for low power designs that can keep
their effect contained. The energy they consume is currently
equal to the energy produced by more than 17 million solar
panels and we need more than 11 million conifer trees to
absorb the CO2 they produce. Given the exponential growth
in their number, every bit of energy saved in each device
will be substantially multiplied. Finally, we provided a brief

overview of the papers that are published in this special
issue.
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