
WhenWearable Technology Meets Computing
in Future Networks: A Road Ahead

Invited Paper

Aleksandr Ometov∗
aleksandr.ometov@tuni.fi

Tampere University
Tampere, Finland

Olga Chukhno
olga.chukhno@unirc.it

Mediterranea University of Reggio Calabria
Reggio Calabria, Italy
Tampere University
Tampere, Finland

Nadezhda Chukhno
nadezda.chukhno@unirc.it

Mediterranea University of Reggio Calabria
Reggio Calabria, Italy
Universitat Jaume I
Castellon, Spain

Jari Nurmi
Elena Simona Lohan

jari.nurmi@tuni.fi
elena-simona.lohan@tuni.fi

Tampere University
Tampere, Finland

ABSTRACT
Rapid technology advancement, economic growth, and industrial-
ization have paved the way for developing a new niche of small
body-worn personal devices, gathered together under a wearable-
technology title. The triggers stimulated by end-users interest have
introduced the first generation of mass-consumer wearables in
just the past decade. Evidently, the trailblazing ones were not de-
signed with strict energy-consumption restrictions in mind. Thus,
wearable-computing-related research remained fragmented. Ad-
vanced and sophisticated batteries and communication technologies
could be already procurable on devices. Additional solutions for
efficient utilization of processing power are still a white spot on the
wearable technology roadmap. A-WEAREU project aims to enhance
the understanding of how the superimposition of those technolo-
gies would improve wearable devices’ energy efficiency, with the
research area being far from saturation. We foresee enormous room
for research as the Edge computing paradigm is emerging towards
hand-held devices.

CCS CONCEPTS
• General and reference → Cross-computing tools and tech-
niques; • Hardware → Networking hardware; Wireless de-
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1 PROJECT INFORMATION IN BRIEF
The rapidly developing market of wearable devices is expected
to grow exponentially in the forthcoming years. It is forecast to
expand at more than a 20% growth rate annually and reach over
40 billion EUR per year in the next five years with more than 150
billion EUR by 2028 [10]. The proliferation of wearables is thus
expected to increase steadily over the following decades, with a
predominant transition from bracelets and sports trackers to more
intelligent and more feature-rich wearables.

Wearable technology has a tremendous impact on a variety of
industry verticals, and, very shortly, smart wearables are expected
to disrupt most business sectors, such as industrial, health, and
sport domains, and are going to reshape the industrial landscape as
smart interconnected spaces. Our firm belief is that the industry, in
its broadest sense, will benefit from this research, and a new cohort
of researchers/innovators will be trained in a multi-disciplinary
fashion to address the open challenges in the field.

As a response to the wearable technology development, the
H2020 MSCA EJD/ITN A-WEAR project is aiming at both societal
and research goals1: to educate 15 Early Stage Researchers (ESRs)
and to bring new benefits to the general well-being among the end-
users. The project’s main target groups in wearables applications
are: social applications, such as eHealth and social networking, and
industrial applications, such as automation halls, industrial robotics,
and the automotive industry. These applications are chosen because
1See more about A-WEAR at http://a-wear.eu
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they have different requirements in terms of computational costs,
communications latency, precision, security, and privacy of both
communication and localization and related trade-offs.

All of the A-WEAR ESRs have already passed the first-year mark
of their three-year research career and formalized their first re-
search results in the field of wearable technology2.

In a compact form, the A-WEAR project’s main Research Objec-
tives are as follows.

• RO1: To create novel multi-layer knowledge for dynamic
wearable networks in terms of localization, connectivity,
privacy, and security;

• RO2: To identify vulnerabilities and offer innovative solu-
tions in crowdsourced-, cloud-, edge-, and fog-based wear-
able architectures;

• RO3: To design and develop privacy-enhanced and location-
aware wearable technologies;

• RO4: To devise new Medium Access Control (MAC) low-
latency algorithms and protocols for wearable communica-
tions, especially in the frequency bands of the future, such
as mmWave spectrum;

• RO5: To develop new open-source software platforms for
wearables in social/eHealth/industrial applications.

The rest of the paper is organized as follows. Section 2 describes
the technological synergy that may be achieved by coupling com-
munication and computing paradigms with wearables. Next, Sec-
tion 3 outlines the main challenges related to the integration and
future operation of those technologies. The last section provides a
summary of the analyzed literature.

2 WEARABLES AND COMPUTING IN
FUTURE NETWORKS

Historically, the advent of small, inexpensive, battery-powered
computing devices has opened new frontiers for developing a wide
variety of small form factor devices being interconnected in a Peer-
to-Peer (P2P) manner or through the world wide web. That first step
in miniaturization allowed the Internet of Things (IoT) paradigm to
emerge and, later on, for the Internet of Wearable Things (IoWT)
to become a separate personal cloud-oriented niche [9, 61].

Broadly speaking, the IoWT is formed by a mixture of various
smart wearable devices, ranging from smart shoes to sophisticated
head-mounted displays. Commonly, modern wearable devices are
not anymore dedicated to serving one function but are already
equipped with various sensors, communication, and computing
modules allowing for continuous data extraction, processing, and
transmission [42].

Unprecedentedly, many new challenges and open questions for
scientific, research, and industrial communities have been raised to
realize that wearables became a standalone segment separated from
smartphones. It fostered an expansion in the number of already
versatile applications resulting in increasing demand for wearable
devices’ performance.

As of today, this segment still faces numerous constraints, such
as communication-related constraints, computational power, secu-
rity/privacy limitations, lack of standardization, among others [23,
2See A-WEAR Zenodo repository for Open Access publications: https://zenodo.org/
communities/a_wear/

32]. However, one of the primary and still-insurmountable obstacles
for wearables is the limited battery life [52]. To this end, developing
energy-efficient wearable solutions is paramount to extend devices’
battery life while meeting application performance requirements.

To start with, the current 5G systems and the upcoming genera-
tion of cellular/wireless systems (differently notes as 5G+/6G/B5G)
aim to ensure maximum flexibility and operational efficiency from
current and future infrastructures. Unlike the previous mobile de-
ployments, presently integrated 5G also offers a solution to re-
duce energy consumption within a network and on the user-device
side. The technological advances (key technologies) of 5G include,
among others, mmWave communications, Software-Defined Net-
working (SDN), Network Functions Virtualization (NFV), and Multi-
Access Edge Computing (MEC) (formerly Mobile Edge Comput-
ing) [6, 38].

In its turn, beyond 5G systems are expected to migrate more
towards higher frequencies, e.g., THz communications, and ensure
radio frequency convergence between sensing, communications,
and positioning tasks [8]. Consequently, networks are evolving
to utilize SDN, NFV primarily, and cloud-native architectures to
enable dis-aggregation and primary functions’ virtualization [16].
This aspect leads to the separation of the control plane and user
plane and introduces network slicing and MEC capabilities, thus,
opening the highway for novel applications with higher flexibility
and adaptability demands.

Apart from utilizing more advanced airspace interface technolo-
gies, beyond 5G networks would comprehensively engage the virtu-
alization technology and practice more programmable approaches
to software networking in the field of worldwide telecommunica-
tions infrastructure [18].

Notably, the oncoming communication era is designed to support
various bandwidth and computational-hungry applications, e.g.,
extended reality (XR) broadcasting (including augmented, virtual,
and mixed reality (AR/VR/MR)) [1], ultra-high definition (UHD)
video streaming [43], and proximate gaming [34], which is espe-
cially essential for wearable applications. The benefits of coupling
beyond 5G communication technology on higher frequencies are
huge bandwidths, high data rates, and, simultaneously, a decrease
in the antenna size enabled by very short wavelengths. Overall, the
evolution of networks towards beyond 5G ensures lower power
expenses from the overhead transmission perspectives.

When it comes to energy-efficiency improvement, the oppor-
tunity to develop wearable-targeted remote in-network computa-
tional offloading solutions becomes possible [33]. Generally, the
distinct main computing paradigms, such as Cloud where the exe-
cution is made entirely in a remote way, Fog with the computation
on neighboring network nodes, and Edge with the delegation of
the computations to the closest power-independent device in the
network, commonly act in a similar manner but behave differently
in the case of systems with strict and critical reliability or latency
requirements [27]. It is especially present for operation cases in
dynamic, unreliable or uncertain conditions coming into action due
to high mobility, low coverage, or heavy load. Today, the broadly
adopted solution for many vendors, including Apple and Google,
is computational offloading from wearables to smartphones, being
the most energy-hungry hand-held devices with growing power
consumption constraints.
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Giving a sharper focus on wearable-targeted computing, we
can already distinguish several potential candidate paradigms, see
Fig. 1, compared to broadly utilized smartphone gateway 1 or
Cloud 5 . These include, essentially, an unfamiliar device offload-
ing via Device-to-Device (D2D) links 2 , MEC 4 , Mist Com-
puting 4 - 6 , Mobile Cloud Computing (MCC) 2 - 5 , Mobile
ad-hoc Cloud Computing 3 , andmany others [59]. The paradigms
vary tremendously, requiring heavy research from communications,
hardware design, security, and privacy perspectives. Moreover, due
to various applications, the developed computational offloading
systems should also adapt and learn based on multiple factors and
their dynamics, bringing even more complexity.

1

6

State-of-the-art computing
Future/developing computing

2

4

5

4

3

Personal cloud level

Cloud level

Edge network level

Figure 1: Opportunities for computational offloading in
wearable-focused infrastructures.

3 RELATED CHALLENGES
As we move towards a more interconnected ecosystem, the volume
of data generation will continue to grow, primarily pushed by the
5G technologies and beyond, which provide continuous connec-
tivity, faster download speeds, greater network capacity, ultra-low
latency, increased reliability, and availability, and improved quality
experience. However, not only technologies are developing, but
also the problems that surround them.

Although the centralized cloud has traditionally been utilized to
manage, process, and store data, it poses two major problems: (i)
processing latency should be as short as milliseconds, but it can be
critical; (ii) all of this data creates a significant bandwidth load. In
contrast, Edge computing offers a solution to the latency problem

by moving critical processing to the Edge network [21, 26]. Edge
devices can collect and process data in real-time, allowing them to
respond faster and more efficiently. However, there are challenges
related to the devices’ capabilities, including software and hardware
development, to handle the offloaded computing load.

Various computing paradigms demonstrate excellent capabili-
ties and introduce new methods to improve system performance.
In practice, those are sometimes viewed as mutually exclusive
approaches to network infrastructure while they may function
in different ways, using one does not preclude the use of others.
In this context, some approaches have been proposed to address
this problem (e.g., IoT cognitive gateways [20], a platform that
automatically determines the best environment for executing a
task [19], and a framework for scheduling applications in hybrid
public-private cloud [7]). However, automatic switching between
computing paradigms is, in any case, a problem for future research.

Another problem related to data transmission is the migration
of services or Digital Twins of wearable devices, for instance, from
one Edge server to another [3]. When a user moves across different
geographical locations [12], e.g., from home to the workplace, the
service/Digital Twin may need to be migrated to follow the user’s
device and maintain Edge computing advantages. However, the
determination of an optimal migration decision is challenging be-
cause of the trade-off between the migration and data transmission
costs [51]. On the one side, migrating a service/Digital Twin may
incur network overhead or even interrupt the connection. On the
other side, not relocating may increase the data transmission delay
between the user and the Edge server. In the literature, there are
several approaches to reduce the transmission delay in traditional
wireless communication networks concerning the migration proce-
dure [47, 49, 50, 60]. However, ensuring seamless migration among
Edge servers is still an issue that needs to be investigated.

Simultaneously, compressive sensing is becoming increasingly
popular from a lower layer perspective, especially for IoWT appli-
cations that use sparse data signals. It is a signal acquisition and
recovery technique that allows receivers to recover the actual signal
using significantly fewer samples than the Nyquist criteria require.
Compression has been proven to provide several benefits such as ef-
ficient bandwidth and power consumption, which are the two most
crucial network resources in [13, 35]. However, not all wearable
applications use sparse signals. Therefore, some studies suggest
using an adaptive compression definition to dynamically adjust
the sampling rate for applications involving random and variable
signals. For example, various activity recognition applications can
use very dynamic data cues from inactivity to intense action [56].

Likewise, processing and transferring large amounts of generated
data is another challenge for wearable devices with limited comput-
ing and communication capabilities. The generated datasets usually
contain a lot of correlated or redundant data. Thus, reducing the
generated dataset by using efficient data compression techniques
can significantly improve the performance and efficiency of the
device [40].

Moreover, the lack of network resources and computing capabil-
ities is still a challenge in wearable systems. D2D communications
are applied to increase the system capacity thanks to data offloading
and reuse gain [15]. In MCC, users can accelerate computing with
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the help of D2D technology [48]. Joint utilization of D2D commu-
nications and MEC technologies is expected to improve the cellular
networks’ computation capacity with the tasks offloading to nearby
D2D and an Edge devices [17]. Besides, group communication is
applied in scenarios where the same data must be sent to multiple
devices [5]. For example, D2D clusters can be used for the multicast
service quality improvement [29].

Approximate computing is another promising technique that
allows to trade precision in exchange for increased energy or per-
formance [45]. Many wearable applications may not require very
accurate results, instead, results that are “good enough” can serve
the purpose [53]. Thus, approximation has become an effective
method for improving the performance and energy efficiency of
devices with limited resources [57]. However, it comes with many
problems, such as determining the minimum required precision,
identifying approximate problems, and monitoring the results of
the application [31]. Therefore, efficiently implemented approxima-
tion techniques can achieve optimal performance gains in latency,
speed/execution time, and battery consumption [2, 14].

Finally, yet importantly, going beyond 5G networks, Machine
Learning (ML) and Artificial Intelligence (AI) at the network Edge
become essential for future applications, including but not limited
to personal smart device experiences, smart city operation, and
computing, robotics, and autonomous traffic settings [36, 46]. The
reason is the rise in wearable devices whose functionalities are
steadily substituting smartphones’ ones [41]. AI and learning on
Edge devices will improve computation quality and design new
opportunities for services and applications. However, learning re-
quires massive computation capability to ensure intricate training
and work with inference methodologies and large datasets.

Nonetheless, innovative ML algorithms for low latency and
power-hungry data processing are among the fastest-growing areas.
It affects almost all industry sectors due to its promise of perfor-
mance in unstructured data analysis, such as image processing and
time series analysis. Learning from more complex data to perform
complex tasks is significantly influenced by the development of new
equipment, methodologies, and other techniques borrowed from
the machine learning field [28]. However, the challenge remains to
achieve low latency and low processing powerwith such algorithms.
One of the potential promising approaches is to analyze and manip-
ulate various sources of valuable data using artificial intelligence
tools and thus open up new possibilities for significantly increasing
the variety of applications for wearable devices [24, 39, 58].

From the AI on Edge perspectives, the computational require-
ments are as follows: (i) the algorithm’s throughput should be
consistently stable to meet real-time constraints without losses;
(ii) the processing latency should be comparatively low. There is
still a need for advances approaches to the AI processor architec-
ture. Moreover, Edge devices should offer enough computational
capacity despite their limitations, e.g., thermal or form factor size.
Furthermore, high privacy protection should be ensured in case
the Edge node has no reliable Internet connection. However, smart
wearable devices, which support on-line applications alongside the
Edge AI, have to protect their private information [37]. Therefore,
enabling dedicated security is paramount of importance in future
wearable systems [4, 25]. While the problems of security and pri-
vacy [11, 55], power and computational efficiency [22, 30, 44] in

Edge AI have already been of interest in recent studies, research in
this area is ongoing.

To summarize, the main issues in current and future wearable
devices with regard to computing and wireless technologies are
presented in Table 1.

4 SUMMARY
Delegating wearable computing tasks is already being enabled by
a series of existing communications and computing technologies,
including Edge/Fog and Cloud computing, forthcoming 5G+/6G
networks, and standardized security solutions. However, almost
nothing has been devoted to addressing the combination of the
technologies mentioned above, focusing on wearable devices with
their stringent requirements compared to, e.g., smartphones.

A-WEAR project aims to bridge this critical gap by exploring the
following fundamental principles:

• The separation of network nodes into elements that ensure
the operation of the “user plane” and “control plane” proto-
cols, which significantly increases the flexibility in terms of
scaling and deployment placement of individual components
of network nodes;

• The implementation of network elements in the form of
virtual network functions;

• The support for simultaneous access to centralized and local
services, which allows implementing the concept of Edge
computing;

• The definition of a converged architecture that combines
various types of access networks;

• The support for uniform algorithms and authentication pro-
cedures;

• The support for stateless network functions, where the com-
pute resource is separate from the storage resource;

• The roaming support with traffic routing both through the
home routed and with a local breakout in the guest network;

• The exploration of the optimal displacement of network
functions and network elements of the future infrastructure
and remote computing.
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