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ARTICLE INFO ABSTRACT

Keywords: In the era of the IoT revolution, applications are becoming ever more sophisticated and
Computing continuum accompanied by diverse functional and non-functional requirements, including those related to
Cloud computing computing resources and performance levels. Such requirements make the development and

Fog computing

Edge computing

Mobile cloud computing
Multi-access edge computing

implementation of these applications complex and challenging. Computing models, such as
cloud computing, can provide applications with on-demand computation and storage resources
to meet their needs. Although cloud computing is a great enabler for IoT and endpoint devices,

SDN its limitations make it unsuitable to fulfill all design goals of novel applications and use cases.
NFV Instead of only relying on cloud computing, leveraging and integrating resources at different
IoT layers (like IoT, edge, and cloud) is necessary to form and utilize a computing continuum. The
Use case layers’ integration in the computing continuum offers a wide range of innovative services, but it
Reference architecture introduces new challenges (e.g., monitoring performance and ensuring security) that need to be

investigated. A better grasp and more profound understanding of the computing continuum can
guide researchers and developers in tackling and overcoming such challenges. Thus, this paper
provides a comprehensive and unified view of the computing continuum. The paper discusses
computing models in general with a focus on cloud computing, the computing models that
emerged beyond the cloud, and the communication technologies that enable computing in the
continuum. In addition, two novel reference architectures are presented in this work: one for
edge-cloud computing models and the other for edge-cloud communication technologies. We
demonstrate real use cases from different application domains (like industry and science) to
validate the proposed reference architectures, and we show how these use cases map onto the
reference architectures. Finally, the paper highlights key points that express the authors’ vision
about efficiently enabling and utilizing the computing continuum in the future.
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1. Introduction

The Internet of Things (IoT) is a network of physical devices, called “Things”, embedded with sensors. These “Things” are
connected and exchange data with other devices to create an adaptive environment that can react to our needs. IoT breaks down
barriers between the physical and digital worlds thanks to devices’ ability to sense, communicate, analyze, and accordingly act.
Such intelligence, supported by real-time data generated by IoT devices, revolutionizes and contributes to various aspects of our
lives and paves the way for a connected, adaptive, and smarter future. The vast number of connected devices forms the endpoint
or IoT layer, which generates data at regular intervals. Moreover, [oT layer devices can exchange data with systems at other layers,
including the cloud computing layer, over the Internet.

The cloud computing model manages data in a centralized fashion in cloud data centers. However, this way of processing,
analyzing, and storing data cannot meet diverse IoT applications’ requirements. The remote locations of the cloud data centers
require data transmission with IoT devices, which may result in network bottlenecks, intensive congestion, and latency issues. Thus,
new computing models, like edge computing, emerged as an intermediate layer between IoT and cloud layers to overcome such
issues and bring services to the proximity of IoT devices.

The 10T, edge, and cloud layers can be integrated to enable efficient and real-time data management for different applications
and use cases. This is called the Computing Continuum, in which computing is distributed across the layers of the continuum. Thus,
high-performance, scalable infrastructure and high reliability of clouds, integrated with low-latency, privacy-preserving computation
of edge, can be gained. The computing continuum, depicted in Fig. 1, consists of three main layers: endpoint, edge, and cloud layers.
The endpoint or IoT layer includes objects or things surrounding us (e.g., sensors, cameras, and mobiles). They are connected to the
edge network and possibly with each other through wired or wireless connections. The edge layer combines edge nodes, which could
be any device equipped with computing power. It is connected to cloud data centers. The cloud layer consists of large-scale data
centers owned by cloud service providers. The cloud data center can be defined as a physical place for storing or processing data
by utilizing the computing, storage, and networking infrastructures it hosts. Cloud data centers belonging to the same or different
cloud service providers are usually connected directly or indirectly.

Considering the complexity of the computing continuum, there is a need to understand how to enable and utilize the layers
and components efficiently, how new computing models can be integrated, and what potential directions are envisioned further
to enhance functionality and performance. Given the absence of a universally accepted definition for the computing continuum,
this paper takes a significant step forward by proposing a novel definition:“The computing continuum is the paradigm that
integrates, organizes, and considers the computing and network resources across different infrastructures (endpoint devices,
edge nodes, cloud data centers, and the networks connecting them) for deploying workloads, instead of relying on a specific
infrastructure”. This definition serves as the cornerstone for exploring the computing continuum and its potential directions.
Furthermore, we illustrate how existing and potential new elements of the computing continuum can be combined into new
architectures, technologies, models, and concepts to meet the needs of new applications and services, primarily when these elements
are hosted on diverse and possibly geographically distributed systems. To better convey this, we review the existing computing
models, like edge and cloud computing. The computing continuum, which encompasses all these models, is discussed from the
computation and communication perspectives, providing a template for running diverse applications in the computing continuum.
We then design and create several novel use cases from different sectors (like industry, science, and health) to validate the
reference architectures and to show how the unified reference architectures can be used to explore design trade-offs for application
deployments in the computing continuum. In addition, the noteworthy trends related to the computing continuum are gathered and
discussed. Moreover, this work lists various challenges that need to be studied to fully integrate the continuum layers and presents
ideas for addressing such challenges. To conclude, this paper presents a comprehensive categorization and outlines the authors’
vision of the future of computing. This vision is based on the diverse functional and non-functional requirements of the emerging
applications, services, and use cases that will emerge in the future.

1.1. Motivation

As IoT applications generate a massive amount of data, sending all such data to the cloud for processing or storage is accompanied
by challenges, e.g., latency. Depending on the system architecture, the amount of data involved, and the type of application, the
associated computations could be done locally, close to the IoT layer, or centrally in the cloud. In contrast to cloud computing,
several computing models (e.g., edge computing) have emerged to offer the desired intelligence and necessary resources at the edge
of the network to meet the requirements of novel applications and use cases. Models like edge computing can process the data
locally, in a decentralized fashion, using heterogeneous resources. The advances of the emerging computation models give rise to
a hierarchical architecture that can revolutionize the classical cloud computing architecture. The new architecture consists of three
layers: the endpoints or IoT layer, which includes distributed end devices; the edge layer, which provides edge servers located at the
edge of the network; and the cloud layer, which hosts central servers located in remote data centers. In addition to the computation
models, the communication technologies have been customized to fulfill the requirements of connecting different nodes vertically
(between different layers) and horizontally (within the same layer) to serve the edge—cloud applications efficiently. Most applications
and use cases require optimizing all the aforementioned layers to converge toward a computing continuum. Orchestrating all layers
enables the provision of reliable services under different dynamically varying conditions.

The computing continuum offers a wide range of innovative services [1] (e.g., computation offloading, sites collaboration, and
context awareness) that changed the concept of computing models. However, there are potential opportunities for improvement that
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Fig. 1. The computing continuum.

lead to more efficient and elastic services, and challenges need to be investigated in the continuum. A better understanding of the
computing continuum will guide researchers and developers in tackling and overcoming these challenges. Thus, this work presents a
comprehensive overview covering the computation and communication aspects of the computing continuum. The work discusses the
existing computing models and highlights their capabilities and limitations, proposes reference architectures, shows diverse real use
cases and cloud-related trends, and finally illustrates the research directions on the computing continuum that should be explored.

1.2. Related work

Several works survey cloud computing and the computing models that emerged after it from different perspectives. A report in [2]
prepared by the National Institute of Standards and Technology (NIST) provides a comprehensive overview of cloud computing with
a reference architecture. Moreover, it discusses use cases in a cloud environment. The work in [3] describes the cloud computing
architecture and its services and identifies several research challenges. In [4], the authors state their vision for enabling the
computing continuum and support the vision by a use case. The authors in Ref. [5] summarize the main bottlenecks of cloud
computing. They list some models that emerged after the cloud and discuss their current and future development opportunities.
The survey in [6] discusses the changes the cloud infrastructure witnessed in the last decade, resulting in the need for various new
computing architectures. It also addresses various challenges faced in the next generations of cloud systems. The work in [7] discusses
the utility and cloud computing models. It also presents a comprehensive taxonomy of cloud computing research areas, divides them
into sub-areas, and then lists each sub-areas challenges and future directions. Aiming to give a big picture of Future Generation
Cloud Computing, the authors of [8] cover emerging trends, open challenges, and the research directions in cloud computing. The
work in [9] discusses the practices in cloud engineering and its evolution and summarizes both technical challenges and research
opportunities for the future of cloud computing from an engineering perspective. In [10], the authors present a survey of the edge
and cloud computing models, compare the characteristics of these models, and discuss the orchestration of end—edge-cloud layers.
Also, the authors discuss different topics in the three layers, such as computation offloading, caching, security, and privacy. Several
potential research directions are presented as well. In [11], the authors present a review of edge and fog computing models. Besides,
they cover several IoT use cases, discuss the topic of task scheduling in edge and fog computing, and show the role of software-defined
networks (SDN) and network function virtualization (NFV) communication technologies in edge and fog computing. In addition,
future directions are listed as open research challenges to be tackled by researchers. The work in [12] presents an overview of
the edge—cloud computing model that assists the designs of Cyber—Physical Systems (CPS). It tackles several challenges related to
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Table 1

Related works.
Related work Targeted env. Related trends Use cases Reference architecture Challenges Future directions

Computation Communication

[2] Cloud v v
[3] Cloud v
[4] Edge—Cloud v v v
[5] Edge—Cloud v v
[6] Edge—Cloud v v
[7] Edge—Cloud v v v
[8] Edge—Cloud v v v
[9] Edge-Cloud v v v
[10] IoT-Edge-Cloud v v
[11] IoT-Edge-Cloud v v v v
[12] IoT-Edge-Cloud v v v
[13] IoT-Edge-Cloud v v v v
This work IoT-Edge-Cloud v v v v v v

the QoS and summarizes possible future research directions on integrating edge—cloud computing with CPS. In [13], a survey that
tackles fog computing architecture is presented. It discusses different techniques for utilizing computing resources at the fog layer
and provides a use-case scenario to explain how to provision resources to an IoT application. The survey also lists several challenges
and presents potential solutions for next-generation IoT applications from communication and computation perspectives.

These surveys are informative but do not delve deeply into the research issues in the computing continuum. Thus, the
scope of our work is to cover the computation models that have emerged to date beyond cloud computing and to explain the
communication technologies that support these models. We provide two novel reference architectures for the computing continuum
and communication technologies. We present and discuss several use cases, including industrial, scientific, health, consumer,
governance, and municipality domains. We relate these use cases to the proposed reference architectures and show how the
orchestration of the computing continuum (in the three layers) can enhance the performance of the applications.

To our knowledge, no prior work in the literature has provided reference architectures for the computational model and the
communication technologies in the computing continuum. Nor do prior works present use cases from different application domains
while relating them to the reference architectures to validate them. Also, presenting several use cases from different sectors and
relating them to the reference architectures to validate them are missed in the existing works. The contribution of the present work
is summarized in Table 1, which shows the differences between our work and the related literature.

1.3. Contributions

Our work makes the following contributions:

This work discusses the evolution of computing models toward the computing continuum paradigm. It focuses on cloud
computing as the De Facto model that provides scalability, flexibility, cost-effectiveness, environmental sustainability, and
a competitive advantage. The work provides elaborate illustrations of the cloud computing limitations that result in the need
to propose new computing models to deal with such limitations.

The work lists the computing models that form the computing continuum and the communication technologies that support
these models. We explain the significance of aggregating all computing tiers and propose two novel reference architectures: a
computing reference architecture to cover each edge-cloud computing model and a communication reference architecture to
cover the edge-cloud communication technologies. We show how the reference architectures can be used to explore design
trade-offs for application deployments in the computing continuum.

We design and demonstrate several real use cases from different sectors. The use cases are novel, designed by the authors,
and used to validate the proposed reference architectures by showing how their implementation layers are mapped into our
description of the computing continuum. Besides the use cases, this work picks some of the cloud’s current related trends,
presents them, and states their importance to different sectors.

The work highlights the challenges and limitations of different computing models and the computing continuum. This aims
to provide insights into the limitations of these models and their impact on the overall computing systems.

The work presents the authors’ vision of the future of the computing continuum. Our vision states that applications and
use cases will evolve toward more sophisticated use with more complex requirements, including computing resources and
performance levels. Accordingly, the computing continuum needs to continue to evolve to meet such requirements. For this,
we defined different research directions to be investigated for a more efficient and unified computing continuum while meeting
applications’ requirements.
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1.4. Organization of the paper

The remainder of this paper is organized as follows: Section 2 presents the evolution of computing paradigms, focusing on
cloud computing, as it offers computing as a utility, which is a turning point in computing. Section 3 discusses the computing
continuum and presents a computation reference architecture that considers this continuum. Also, the section maps different modern
communication technologies to the computing continuum. Section 4 discusses several use cases from different sectors that employ
the computing continuum. Section 5 shows innovative related trends spanning the computing continuum. Section 6 presents the
authors’ vision of the future of the edge—cloud continuum. Section 7 concludes the paper. Fig. 2 shows the outline of this paper.

2. Computing infrastructure: Before the cloud, the cloud, and beyond the cloud

Computing machines became common in the 1920s. Electronic computers replaced them in the 1940s and 1950s, making them
smaller and faster. This led to the definition of the term “computing machine” being replaced with “computer”, which was often
preceded by “electronic” or “digital”. Today, computers are everywhere and integrated into every aspect of our lives.

Computing passed by three main waves of evolution [14]: The first wave was when commodity-hardware-based servers replaced
mainframes, while, at the same time, x86 architectures were becoming widespread in server space. The second wave was when
computing infrastructure was virtualized to be shared by different applications. The third wave is the cloud computing era and its
related trends. This section provides detailed descriptions of the way toward the computing continuum. It discusses cloud computing
and the models before and beyond it.

2.1. Before cloud computing

Cloud computing has been built on top of several existing models and technologies. For example:

» Mainframe: Before mini-, micro-, and personal computers became widely available and cost-effective, applications were usually
hosted on mainframes [15]. These provide access to data and processing power shared by batch and interactive workloads.
In the early days of cloud computing, mainframes were sometimes used to host multiple Virtual Machines (VMs) supporting
different services. Scaling up any service simply involves spinning up another VM if the mainframe has enough memory, disc
space, and computing power to host it [16]. Users and programmers are often unaware of whether the hosting environment is
cloud-based or mainframe-based, as the nature of the host is hidden from them. The key feature that distinguishes a mainframe
from a cloud environment is that physical execution and resource allocation on the former are physically static, while both
characteristics can be dynamically changed according to load and other operating conditions on the latter. Services and libraries
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may be supported on both. Unlike computations that are run on users’ dedicated machines, those that take place in the cloud
or on mainframes incur direct monetary costs that will only become visible to the system owner or account holder at the
end of a billing cycle or, in the case of batch jobs on mainframes, at the end of job execution. Whether on mainframes or
in the cloud, these costs are functions of memory occupancy, total CPU time, I/O activity, data storage size, and network
bandwidth usage. The mainframes could be wholly owned or leased by a company or institution or made available to users by
time-sharing bureaus. Either way, costs had to be attributed to enable amortization of the cost of acquiring and maintaining
computer equipment and software. The cloud is no different, except that the access interface provides the illusion of infinite
extensibility. Mainframes became available in the early 1960s [17], mainly to national laboratories and major scientific users.
» Mini, micro, and personal Computers. These are smaller general-purpose computers. The advent of mini-computers made it
possible to place computing power in laboratories and other locations proximate to the users in a way the mainframe
computers were not. The subsequent introduction of micro- and personal computers made it possible to think in terms of
cheaply implementing distributed computations on machines that could be connected by local-area networks. The late 1960s
and early 1970s witnessed the emergence of mini- and micro-computers [17], after Teletype Corporation introduced an
electromechanical teleprinter Model 33 as a human interface. The teleprinter employed the newly standardized ASCII code
for early mini- and micro-computers.
Cluster computing: A cluster can be viewed as a processing system, mainly a composite of a set of computing nodes working
together as a single unified computing resource with huge power. Moving towards cluster computing started in the late
1960s [18] when IBM connected large mainframes to provide more powerful and cost-effective systems.
Grid computing: Grid computing is a style of computing where networked nodes function together to perform complicated
tasks. Usually, such tasks need huge computing resources to be performed, such as analyzing or modeling big data [19]. Grid
computing enables the sharing and dedicating of the distributed resources requested by the tasks dynamically at runtime.
The resources are dedicated based on their availability, capability, cost, and users’ QoS requirements [20]. IBM defined grid
computing as [21]: “A grid is a collection of distributed computing resources available over a local or wide area network that appear to
an end user or application as one large virtual computing system. The vision is to create virtual dynamic organizations through secure,
coordinated resource-sharing among individuals, institutions, and resources. Grid computing is an approach to distributed computing
that spans not only locations but also organizations, machine architectures, and software boundaries to provide unlimited power,
collaboration, and information access to everyone connected to a grid”. In the late 1990s [22], the term “grid” was related to
computing by describing a set of distributed resources connected over a Wide Area Network (WAN) to support a large-scale
distributed application.

All these computing models utilized the parallel [23] and distributed [24] computing paradigms as a solution to perform different
computing tasks.

2.2. Cloud computing

The cloud computing model delivers a wide range of services over the Internet via shared hardware resources that exist in data
centers around the world. Conceptually, it can be viewed as three layers of observation. The resources represent the hardware
layer of the cloud model. Cloud users do not interact with the hardware layer directly. Instead, they benefit from such resources
via a virtualization layer. Virtualization is the key concept of the cloud model that eliminates the details of the physical hardware
and provides virtualized resources for user layer as VMs [25] or containers [26] forms. Many cloud computing definitions have
been proposed over the past years as in [27-30]. However, no standard definition exists, but the most comprehensive definition,
in our opinion, is the one presented by the National Institute of Standards and Technology (NIST). They defined cloud computing
as [31]: “A model for enabling ubiquitous, convenient, on-demand network access to a shared pool of configurable computing resources
e.g. networks, servers, storage, applications, and services that can be rapidly provisioned and released with minimal management effort
or service provider interaction”. They illustrated that the cloud model has essential characteristics, featured service models, and
distinguished deployment models. More detail about the characteristics, deployment models, and service models can be found
in [31].

However, all computing models, including cloud computing, have some limitations. Mainly, the limitations of cloud computing
can be summarized as:

» Connectivity: To use cloud computing services, connectivity with remote data centers is a prerequisite. Most of the modernistic
IoT applications and newfangled use cases require stable connections to meet their design goals. The functionality of such
applications and use cases is negatively affected when the connection is temporarily unavailable and when it is under degraded
conditions. Cloud data centers can offload computation power, but when the short reaction time plays the role among the
other metrics to be considered, the decentralized fashion of cloud computing cannot solely be the best solution in serving
some applications (e.g., real-time applications).

Bandwidth issues: To deliver its services, cloud computing deems sufficient bandwidth to exchange data with cloud data

centers. The amount of data generated by the endpoints is huge, and when the number of such points is scaled, the amount

of data is increased. Thus, the current cloud computing technologies will not suffice to handle the data streams.

» Response time: Transferring massive data will cause network bottlenecks leading to latency issues for applications and may
cause a deterioration in computing performance. This would largely depend on the distance between the endpoints that
generate data and the cloud data center. As the distance increases, the network cost rises, which is an overhead to consumers
(e.g., the small and medium scale manufacturers).
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» Centralized management fashion: Cloud computing provides centralized operations, and its classical architecture does not
support any localized services. This issue conflicts with the requirements of many applications and use cases.

+ Security aspects: A major concern is the data security issues, which occur because of centralized data storage and sharing of
resources for multiple users.

+ Application design aspects: Cloud computing is best exploited by applications that have been designed with specific cloud-
native architectural considerations (i.e., scale up and down abilities, distributed operation, externalized state, service interfaces,
application users multi-tenancy, ability to handle ephemeral resources and transient failures, etc.). However, this is still an
ongoing challenge for various applications struggling to cope with the increased demands of this dynamic environment, lacking
the ability to tackle the aforementioned issues [32].

By studying these limitations, and by reviewing some existing works in the literature [33-39], it could be concluded that the
cloud computing model has many challenges to be tackled. The top challenges are Performance, Reliability, Availability, Scalability,
Sustainability, Elasticity, Energy management, Virtualization management, Automated service provisioning, Traffic management,
Data management, Latency, Location-awareness, Security, Privacy, Trust, Responsibility, Novel cloud architectures, and Application
engineering for the cloud.

To overcome such limitations and challenges, novel computing models with new architectures are needed to extend the services
from the cloud data centers to be closer to the users at the edge and/or core of the network. The models that emerged after cloud
computing are listed, discussed, and compared in the next section.

2.3. Beyond cloud computing

Despite the increasing usage of cloud services, challenges limit their wide adoption, as explained in the previous section. To
overcome these challenges, it is essential to modify the classical architecture of cloud computing to fulfill the requirements of
different cloud-based applications and meet the rapid growth of the demands on cloud services. Thus, many models have been
presented beyond cloud computing. In this paper, the emerging models are classified into two main categories: the Computation
Models and the Communication Technologies available to implement them.

2.3.1. Computation models
The following computational models bring computing power closer to the systems or system components being controlled or
enable computations to run where more computing power and data are needed than can be hosted on a remote device.

1. Mobile Cloud Computing: The term Mobile Cloud Computing (MCC) means running mobile applications on cloud computing
resources. In this model, mobile devices act as clients that connect to the remote servers in the cloud via the Internet. Thus,
MCC can be defined as [40]: “A model for elastic augmentation of mobile device capabilities via ubiquitous wireless access to Cloud
storage and computing resources, with context-aware dynamic adaption to changes in the operating environment”. Mobile devices
can run a broad range of applications, such as entertainment, business, and social media applications. These applications are
becoming more complex and demanding of resources daily. Mobile devices are accompanied by problems such as resource
limitation, low connectivity, and energy consumption. Researchers address and solve these problems through the cloud
computing model. In mobile computing, thanks to the offloading concept, the computing power of cloud computing can
be lent and used to execute and serve mobile applications by using remote and more powerful resources, instead of using the
mobile device itself [41,42].

2. Edge Computing: Edge Computing (EC) is a decentralized model that aims to push the processing, storage, and networking
capabilities to the network’s edge. Recently, the number of devices (like smartphones and wireless devices) and sensors that
are connected to the Internet has increased to a great extent. Such devices/sensors generate massive data, resulting in what
is known as Big Data [43]. The architecture of the traditional cloud computing model was not designed to support the vast
amount of data generated from IoT devices and sensors. Data from these devices and sensors has multiple attributes, such as
Volume, Velocity, Variety, Veracity, and Value. Moving all data from the network edge to the cloud data centers for processing
and/or storing may outstrip the network bandwidth capacity and result in excessive latency. As the amount of data increases
exponentially, new problems, such as latency and low response time, need to be addressed. A possible approach to tackle
such issues is to deal with the generated data near the devices that produce those data, i.e., the EC.

3. Fog Computing: Fog Computing (FC) is also a decentralized model whose purpose is moving cloud computing resources closer

to the users to improve applications’ overall efficiency and performance.
EC and FC aim to move decision-making operations and program logic closer to the data sources and act as intermediate layers
between Cloud data centers and devices/sensors that generate the data. But there are slight differences between them [44]:
Fog nodes are extensions of the cloud and can exist in layers of hierarchy. Thus, balancing the load and transferring data
between the nodes is possible. Fog nodes can be considered extended infrastructures in a hybrid cloud, while edge devices
may or may not involve the cloud layer in the processing or storage services. In other words [45]: “Both fog computing and
edge computing involve pushing intelligence and processing capabilities down closer to where the data originates. The key difference
between the two architectures is exactly where that intelligence and computing power is placed”.
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Table 2

Comparison between existing computing models.
Characteristic MCC EC FC MEC CcC
Deployment Distributed Distributed Distributed Distributed Centralized
Location awareness Aware Aware Aware Aware Not aware
Physical resources Limited Limited Limited Limited Unlimited
Distance to data source Very close Close Close Close Far
Response time Very fast Very fast Fast Fast Slow

MCC: Mobile cloud computing; EC: Edge computing; FC: Fog computing; MEC: Multi-access edge computing; CC: Cloud computing.

4. Multi-Access Edge Computing: This model, which was previously known as Mobile Edge Computing, is standardized in the
European Telecommunications Standards Institute (ETSI) Industry Specification Group (ISG). Multi-Access Edge Computing,
or MEC, combines IT services with cloud computing capabilities at the edge of the mobile network, aiming at reducing latency.
Mobile subscribers can utilize this model to improve their users’ experience as MEC offers effective network operation and
efficient service delivery. According to ETSI, MEC now stands for “Multi-Access Edge Computing” to better reflect the growing
interest in MEC apart from the mobile subscribers, as it enables a broader range of services [46]. Based on a virtualized
platform, MEC is recognized as one of the key emerging technologies for 5G networks [47] together with Network Functions
Virtualization (NFV) and Software-Defined Networking (SDN). MEC can enable various services to support new and innovative
directions. Moreover, MEC can be considered a potential enabling technology for 6G networks, as it provides computing
and caching capabilities required in the next generation networks [48]. However, MEC services fall into the following main
categories [49]: (1) Consumer Oriented Services, e.g., Gaming and Augmented Reality, (2) Network performance and QoE
improvement, e.g., Network Utilization Optimization and Intelligent Video Acceleration, and (3) Operator and third party
Services, e.g., Video Analytic and Connected/Autonomous Vehicles.

5. Other models: Other models emerged after the cloud. All these models fall under the umbrella of edge computing. For
example:

Cloudlet: Cloudlet is a decentralized self-managed system that uses three layers (mobile device, cloudlet, and cloud)
to bring the cloud services closer to being utilized by mobile devices. Cloudlet nodes exist in physical proximity to
mobile devices. The nodes are accessible by the devices via high-speed wireless links. On the other hand, the nodes
are connected to the cloud via high-speed access. The load of the mobile devices can be offloaded to local and more
powerful resources in the cloudlet, which can be set up in common areas so that mobile devices can connect and act as
clients to the cloudlet. In general, nodes at the cloudlet layer need to be powerful and very well connected via a high
bandwidth network to provide low end-to-end latency [50].

Dew computing: This model allows operations to be performed on a personal local computer. This computer provides
functionality and collaborates with cloud services [51].

MIST computing: This model pushes processing closer to the network edge. This can be done by involving the sensor
and actuator devices in the processing, which results in (1) increasing subsystems’ independence and (2) decreasing
latency. However, managing the resulting network in MIST computing is not trivial. The only way to do this is via
the resource-constrained devices at the network edge in a manner that resembles central management. This is not
feasible [52].

Osmotic computing: Osmotic computing (OC) is an innovative resource management approach that automatically moves
the computation from a Thing in IoT to the cloud based on the workload [53]. The idea behind OC is to decompose
applications into microservices running in containers and deploy them opportunistically in Cloud/Edge and IoT systems.
The reliability of services in OC is guaranteed by a Software Defined Membrane (SDMem) [54], an orchestrator that,
starting from a service descriptor, monitors microservices and guarantees migrability and load balancing.

Table 2 highlights the similarities and differences of the discussed computing models.

2.3.2. Communication technologies

This section presents an overview of different communication technologies that can be used in the edge/cloud continuum (ie.,
between end node to edge and cloud). The communication technologies are commonly divided into the infrastructure, known as
physical and data-link layers, and the application layers, where data exchange is handled. Table 3 provides an overview of the
most common low-level communication technologies, while Table 4 presents common examples of application layer technologies.
As shown in Table 3, each technology covers different requirements concerning determinism and reliability; thus, we identified
those requirements in the table. For example, Ethernet technology for industrial systems is covered in the IEEE 802.1 standards,
providing up to 10Gbit/s throughput. The determinism and reliability columns present different standards that support the increase
of determinism and reliability. For example, IEEE 802.1Qbv, IEEE 802.1Qb, and IEEE 802.1Qca are all different standards under IEEE
802.1Q, known as Time-Sensitive Networking (TSN) standards, that increase real-time support in Ethernet networks. The latency
column shows the lowest guaranteed latency possible in end-to-end communication using the concerned technology. In addition to
the above specific communication standards, the Fifth Generation (5G) Wireless Communication System, and the next generation
6G, is becoming one of the wireless communication standards that can cover wide signal coverage with low latency. 5G can achieve
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Table 3
Low layer technologies.
Tech. Throughput Range Determinism Reliability Latency
Ethernet 10 Mbit/s-10 Gbit/s 100 m—40 km IEEE 802.1Qbv - Enh. for Sched. Traffic IEEE 802.1Qca Path Ctrl and Rsrv. (PCR) >100 ps
IEEE 802.1 family IEEE 802.1Qbu - Frame Preemption IEC 62439-3 Clause 4 - PRP
IEEE 802.1Q - Quality of Service IEEE 802.3ad - Link Aggregation
WLAN 1 Mbit/s-1,3 Gbit/s 10 m-100 m IEEE 802.11e - Priority levels (QoS) IEEE 802.11g >20 ms
IEEE 802.11 family IEEE 802.11n
5G NR 10 Gbit/s Multi-hop 3GPP specifications 3GPP specifications >3 ms
Table 4
Application level protocols.
Protocol Model QoS Transport req. Header Field
AMQP P2P 1-3 Reliable 8 Business applications
CoAP CS - Unreliable 4 Lightweight resource constrained devices
PSl1
HTTP CS 1 Reliable >40 Wide range (browsers, devices, etc..)
MQTT PSb 1-3 Reliable 2 Consumer devices and industry
OPC UA PubSub PSb 1-3 Reliable >30 Industry
Ps1 - Unreliable

system capacity growth of 1000 times and end-to-end latency reduction of 5 times compared to 4G and provides energy efficiency
growth of at least 10 times and the area throughput growth of at least 25 times [55]. The next generation of 5G, known as 6G, is
under design and development, which can be a game changer in time- and safety-critical industrial systems [56].

Table 4 presents the most common communication protocols and standards in industrial communication and edge/cloud
continuum. The model column shows the communication model, for example, Peer-to-Peer (P2P), Client-Server (CS), Publish—
Subscribe (PS) with a central broker (PSb), or brokerless (PSl). We use the same classification for QoS as MQTT: 1 — messages
are delivered at most once, 2 — messages are delivered at least once, and level 3 means that messages are delivered exactly once.
The transport requirement column specifies the protocol’s requirements on the underlying transport protocol, reliable or unreliable.
Reliable typically translates to ordered connection-oriented protocols, such as TCP, while unreliable can be realized with unreliable,
connection-less protocols, such as UDP. The header column shows the overhead induced by the protocol header. Finally, the field
column gives examples of fields/domains using the protocol.

Each communication technology is suitable for a specific topology. For instance, industrial Ethernet technologies, e.g., TSN
devices, are connected in the form of star, ring, or hybrid topologies.

Regarding communication management, the industrial networks within the factory LAN or connecting to the cloud require a
management system to meet specific requirements, such as latency, reliability, and service continuity. These requirements can be
considered offline during the network design and development and modified during run-time, known as run-time reconfiguration.
There are several technologies which facilitate the network management, for example:

1. Software-Defined Networking (SDN): The architecture of traditional networks is a vertical architecture that consists of three
core logical planes: (1) Control plane, (2) Data plane, and (3) Management plane. Such a vertical fashion adds complexity to
the networks. Moreover, it makes it difficult to configure the networks according to predefined policies and to reconfigure
them to respond to faults, load, and changes [57]. To simplify such complexity and make a network faster and easier to
manage, SDN abstracts the vertical planes from applications and use cases, centralizes the network management, and enables
a programmable network. This is done by an essential element of an SDN architecture, called the controller. SDN divides any
network control problem into smaller tractable sub-problems to simplify network management. When forwarding a network,
the control from network devices (switches and routers) is seized, and the controller logically enables centralized management
and intelligence. In this way, the network infrastructure is abstracted from the applications. Redesigning networks with SDN
offers flexibility and programmability across wide area networks (WAN) and data centers. Thus, it is widely adopted across
data centers [57-59].

2. Network Functions Virtualization (NFV): Virtualizing the network combines software, hardware, and network functionalities
into a manageable and economic domain known as a virtual network [60]. NFV architecture includes three components [61]:
(1) NFV Infrastructure (NFVI): encompasses all networking hardware and software resources that represent the environment
and are needed to execute the Virtualized Network Functions. (2) Virtualized Network Functions (VNF): represents the
software that implements a network function (NF) running on NFVI. (3) NFV Management and Orchestration (NFV M&O):
involves the management and orchestration of the NFVI and VNFs.

NFV makes NF independent from the hardware and the other NFs. Implementing NFs is performed via software that can run
anywhere in the network as required, without the need for installing new equipment [61].

SDN and NFV are mutually beneficial from each other, but they are different technologies and are not dependent on each other.
NFV can be considered complementary to SDN. SDN is a technology that removes a network device’s “brain” to facilitate network
configuration/administration, while NFV is mainly for IT networking.
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Table 5
Selection of reference architectures mapped to beyond cloud computing models.

Ref. architecture MCC EC FC MEC

Dinh et al. [71] v
ECC [72]

IIC [73]

Intel, SAP [74]

OpenNebula [75]

Sittén-Candanedo et al. [76]

Qinglin et al. [69]

Willner et al. [70]

Mahmud et al. [77]

OpenFog Consortium [78]

Pop et al. [79]

ETSI [80] v

This work v v 4 v

AN N N Y

AN N NN

MCC: Mobile cloud computing; EC: Edge computing; FC: Fog computing; MEC:
Multi-access edge computing.

3. The designed reference architectures

The various computation and communication models (discussed in Section 2.3) tackle different concerns of different users and
leverage different parts of the computing continuum. However, these models share many commonalities, as described in Table 2.
This allows us to design a computation- and communication-focused reference architecture for the computing continuum, combining
the characteristics of already existing models beyond cloud computing. In this section, we present the motivation and design of these
two reference architectures.

3.1. Computation reference architecture

For our computation reference architecture, we consider the following models, previously discussed in Section 2.3: Mobile
cloud computing, edge computing, fog computing, and multi-access edge computing. Although these models aim to solve different
problems and thus have various designs, they overlap significantly.

We synthesize a list of characteristics shared by these models and other models beyond cloud computing [62]: (i) All five
models support computation and storage offloading [63] from one or multiple endpoints to one or multiple endpoint, edge, or cloud
devices [64]; (ii) the offload sources support either local processing or data preprocessing to reduce the amount of data sent over
the network [65], while (iii) the offload targets support the management of data streams from multiple endpoints in parallel [66];
(iv) the computing devices involved have varying resource constraints [67] and (v) use a variety of networking technologies such
as Ethernet, Wi-Fi, and mobile broadband [68]; (vi) a centralized controller in the cloud is used to manage the entire continuum
deployment.

This overlap allows us to construct a unified reference architecture for the beyond cloud computing models, and we present its
design in Fig. 3. Reference architectures for these specific models already exist and are compared to ours in Table 5. Most existing
architectures focus on only a single model, while only prior work in [69] and in [70] includes multiple computation models for
their architecture, namely edge and fog computing. Our computation reference architecture design is based on our previous work
in [62].

The reference architecture consists of three distinct tiers of systems: Endpoint, edge, and cloud. This split is made from a data
processing viewpoint: Data is generated by users on endpoints and processed either locally or remotely by offloading to resource-
constrained edge devices close to the user or large clouds located far away. Below, we discuss the characteristics of each tier and
the specific components in our architecture that make up systems in a tier.

3.1.1. Endpoint

Endpoint devices are typically operated by a single tenant, generate data via interactions with users or sensors, and are positioned
at the far end of the network. Examples of endpoints are smartphones and IoT sensors. Endpoints are made up of the following four
components in our reference architecture:

P1 Data Preprocessing: Some endpoint devices possess built-in data preprocessing capabilities to reduce the amount of data that
needs processing. Video cameras, for example, can possess face detection capabilities [65].

P2 Application: User-defined logic that defines how to process or offload data generated on the endpoint. It can decide whether
offloading to edge or cloud is viable, and if extra preprocessing is required, or if local processing is desirable, depending on

application-level metrics.
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Fig. 3. The proposed computation reference architecture.

P3 Operating System and Resource Manager: The device management layer acts as an interface between the applications and
the endpoint hardware. Endpoint operating systems, such as TinyOS and Android [81], are often optimized to fit the
resource-limited endpoint devices and can support special endpoint hardware.

P4 Infrastructure: This includes all physical and virtual resources present on an endpoint device, from CPU and memory to virtual
machines and containers. These resources can be directly interacted with by users, unlike the cloud, which a service provider
operates.

3.1.2. Edge

The edge allows data to be processed in the field, close to the user, to meet applications’ low-latency and privacy demands,
which cannot be satisfied when offloading to centrally located clouds. We have provided a detailed analysis of what constitutes the
edge in Sections 2.2 and 2.3. Most importantly, edge and cloud systems are more distributed than endpoint devices and possibly
multi-tenant. To enable applications to use such a distributed environment, edge and cloud systems have an operating services
component not present in endpoints. Overall, edge systems consist of the following components:

E1 Application: Architects of user applications on edge systems have to decide whether data offloaded by endpoints should be
processed at the edge or should be forwarded to the cloud [64].

E2 Back-end: Provides support to applications that support resource-constrained devices. Back-ends often focus on applications
from a single domain (e.g., TensorFlow Lite for machine learning).

E3 Resource Manager: Manages the devices’ physical and virtual resources and distributes these resources over edge applications
from one or multiple tenants. Using a resource manager often dictates which computing models can be leveraged in the
continuum.

E4 Operating Services: Provides support for applications running on the highly distributed, heterogeneous, and complex computing
continuum. Systems can provide operating services for communication [82], metadata management [83], consensus [84],
and more.

E5 Infrastructure: As with endpoints, this includes all physical and virtual resources present on the device. Unlike endpoints,
however, edge systems can be managed by service providers instead of users. This can result in a system similar to cloud
computing, where users exclusively use virtual resources while service providers manage the underlying physical resources.

11
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Fig. 4. The proposed communication reference architecture.

Table 6
Selection of communication reference architectures.
Ref. arch. Targeted env. Scope
ISO/IEC [85] IoT Defining conceptual model for different components across IoT network links.
IEC [86] IoT-Edge Providing interoperability standards for the information exchange within and to power systems.
ETSI [87] IoT-Edge Specifying the network architecture of communications in transportation systems.
Intel [88] IoT-Edge-Cloud Accelerating the products, requirements, and feedback of Intel’s partners.
This work IoT-Edge-Cloud Mapping different communication-related technologies in the computing continuum.
3.1.3. Cloud

The cloud is a parallel and distributed system consisting of virtualized nodes (possibly connected) owned by cloud providers and
can be provisioned on demand to different consumers.

We have provided a detailed overview of cloud and cloud computing definitions in Section 2.2, and its differences to edge in
Section 2.3. Although many differences exist between cloud and edge, their building blocks (E1, E2, E3, E4, E5) and (C1, C2, C3,
C4, C5) are similar: Both provide physical and virtual resources to users, can leverage operating services and resource managers
to abstract away the complexity of their distributed environment, and support applications with related back-ends for users to run
their logic in. As such, the definitions for these individual components provided in the previous edge section also apply to the cloud,
although with different example systems for each component for cloud compared to edge.

3.2. Communication reference architecture

This section proposes and discusses a communication reference architecture using a similar high-level abstraction approach as
the computation reference architecture.

There are a few existing reference architectures for communication and networking. However, they focus on only a single layer
or are designed for a specific scope or purpose. Our proposed communication reference architecture provides a recommended and
technology-independent structure for all IoT applications. It maps different communication-related technologies in the IoT-edge—
cloud continuum. In Table 6, we compared them with our architecture. Fig. 4 depicts the communication reference architecture, and
in this section, we further describe every architecture component. We do not cover security since it is a vast topic on its own that
encompasses all elements of the reference architecture, from the physical isolation of the network infrastructure to the end-to-end
application-provided security measures.

3.2.1. Endpoint

An endpoint communicates with other endpoints, the edge, or the cloud. The communication demands vary significantly between
domains and applications, from strict real-time constraints with short deadlines to more relaxed timing requirements. For example,
saving power might be more important to some applications than having deterministic communication. An endpoint consists of two
main communication components described below and identified in the reference architecture.

12



A. Al-Dulaimy et al. Internet of Things 27 (2024) 101272

PC1 Communication Protocol: It provides communication means to the endpoint application and is an abstraction towards the
underlying infrastructure. Different endpoints have different requirements, which reflect a suitable communication protocol.
Table 3 provides an overview of common lower layer technologies (link layer), while Table 4 provides an overview of higher
layer network technologies, i.e., application layer protocols. Note that this endpoint component covers all network layers
above the physical layer.

PC2 Communication Infrastructure: It provides the physical means to exchange data, known as Layer 1 in the OSI model.

3.2.2. Communication link node

A communication link node is part of the infrastructure, providing connectivity in the edge continuum, such as an Ethernet
switch, router, Bluetooth extender, 5G base station, or virtualized communication nodes, such as VMs or containers. In the case of a
point-to-point connection between devices, the communication link node can be as simple as a wire or the ether. The communication
link node connects devices within and across layers in the edge continuum. One example of a communication link node is a router
that provides endpoint interconnectivity and an Internet connection. Another example is a Bluetooth extender, which provides
longer-range connectivity between two devices. Following, we describe the main components of a communication link node.

CN1 Management Plane: It is located on the network nodes in the case of traditional network management and handles the
management of the device. On the other hand, communication link nodes capable of using SDN allow consolidation of the
management plane centrally; in such case, CN1 is a thinner server, communicating with the central management plane (EC1,
CC1).

CN2 Control Plane: It mainly controls the packet forwarding in the network. The forwarding paths are extracted by interpreting
packets and their address information. The paths can also be configured in the control planes. In the case of traditional net-
working, i.e., without SDN technology, the control plane is located on the device. However, an SDN-capable communication
link node allows remote and indirect control plane centralization (EC2, CC2). An SDN-capable communication link node gets
the forwarding decisions from the central (remote) control plane.

CN3 Communication Protocol: This component provides a way to understand forwarding and bridging between the devices. For
instance, a bridge, such as a WLAN Router, provides a translation between the network outside the LAN and the inside
network infrastructure.

CN4 Communication Infrastructure: This component handles the packet forwarding, incorporating the data plane, and the
physical media handling. A communication link node could support different infrastructures, including Ethernet or wireless
connections.

3.2.3. Edge node
As in the computational reference architecture, the edge and cloud share the same high-level network components. The edge
node can generally be seen as a node that can send and receive traffic in the network.

EC1 Management Plane: It is located inside the node in traditional networking, while it can reside in the controllers in case of using
SDN technology. The main purpose, however, is to manage and configure traffic forwarding, routing, and management.

EC2 Control Plane: It provides a holistic control view of the network. The control plane typically uses protocols like OpenFlow to
update and deliver forwarding decisions to SDN-capable communication nodes.

EC3 Communication Protocol: It provides edge node applications with communication to other edge nodes, endpoints, and cloud
data centers.

EC4 Communication Infrastructure: It provides physical communication means like Ethernet or wireless.

3.2.4. Cloud data center

From the communication components perspective, the cloud data center can be seen as an edge node with higher computation
capacity. Usually, the cloud data center is remote, meaning the communication infrastructure follows the Internet communication
infrastructure. In this sense, the main components and their responsibilities are the same as in the edge node.

4. Proposed use cases to validate the reference architectures

This section discusses several recently designed and diffused use cases from different sectors that employ cloud—-edge computing,
including science, industrial, health, consumer, governance, and municipality use cases. We designed these use cases and then used
them to validate the proposed reference architectures by highlighting specific components of the architectures and relating them to
the use cases, focusing on mapping the components to the computing reference architecture. To validate the proposed computing
reference architecture, we performed a numerical experimental proof-of-concept of the architecture, tested it, and evaluated its
performance in [62].
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Fig. 5. Deep learning reference architecture.

4.1. Science use case

Machine learning (ML) applications use algorithms to process data, learn from it, and make predictions based on what has been
learned. This includes Deep Learning (DL), a subset of Machine Learning (ML), where deep neural networks are trained on large
amounts of data. DL can be used for a variety of purposes: recommendation systems [89], voice and video analysis [90], and data
processing in general [91]. These applications are traditionally deployed in the cloud using cloud computing because of the high
complexity of DL algorithms. However, this has three limitations [92,93]: (i) bandwidth: The amount of data generated by sensors
that need to be processed by DL applications can quickly exceed available bandwidth to the cloud; (ii) latency: DL-based services
for users at endpoints such as cognitive assistance [94] require very low latency, which the cloud cannot always offer because of
high communication latency; (iii) privacy: The data processed by DL applications may contain sensitive information and may not
be allowed to be moved to the cloud. To mitigate these limitations, DL applications can be offloaded from the cloud to (on-premise)
edge nodes and endpoints.

In this section, we look at edge intelligence [95], how to facilitate DL in the edge continuum. We map state-of-the-art frameworks
and systems to our reference architecture (Fig. 3).

4.1.1. Endpoint

Endpoint devices are resource-constrained by nature: They have too little computing and memory capacity to support cloud-
native DL applications [96,97]. To enable DL at the endpoint level, recently many endpoint devices have been integrated with
special DL hardware such as Apple’s Neural Engine and Google Pixel’s Neural Core for smartphones (P4 in Fig. 5) [98].

These limited resources make DL training on endpoints very difficult due to its use of large models and training data and is more
often used for model inference and preprocessing (P2, E2). To enable model inference on endpoint hardware, specialized software
libraries such as TensorFlow Lite [99] have been created with limited functionality to make them as lightweight as possible. Apart
from software libraries, many cloud-native deep neural networks such as ResNet [100] also do not fit into the limited memory
available at the edge. Neural networks either need to be compressed [101,102], or special networks for mobile devices such as
MobileNet [103] need to be deployed. Despite these models being much simpler than their full-sized variants, they can achieve
comparable accuracy [104].

Endpoint can also be used for preprocessing their generated data (P1). Preprocessing can reduce the amount of data sent to the
edge and the amount of compute tasks on edge nodes, increasing efficiency and reducing energy usage. The work in [65] shows
that, for object detection applications, it is possible to decrease end-to-end latency by 57 percent while achieving the same accuracy
by filtering out blurry and similar camera frames.

These techniques and optimizations show that the location at which DL is done not only dictates the end-to-end latency, which
itself is a trade-off between low-latency communication and resource-constrained computation [105] but also what DL algorithms
and models can be used.

4.1.2. Cloud

Deep learning applications often require the use of large-scale models. To train these models, large amounts of data are required
as well. While it is possible to shrink model sizes to allow model inference on edge and endpoint devices, reducing the training
data size is much more complex. Model training is also a more compute-intensive task, requiring more powerful hardware. This
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makes the cloud perfect for deep learning due to its high computing, memory, and storage capacity. It can also leverage specialized
accelerators for deep learning such as GPUs and TPUs [106] (C5 in Fig. 5). To allow cloud data centers to do both model inference
and training (C1) leveraging powerful hardware such as accelerators, comprehensive software libraries such as TensorFlow [107]
are used (C2).

4.1.3. Edge

The hardware resources of edge nodes are between the endpoint and cloud layers, using devices integrated with special DL
hardware such as NVIDIA Jetson [108] and Google Coral [109] (E5). Edge nodes can be used for model inference similarly to
endpoint and for model training, although they are limited compared to the cloud. However, unlike endpoints, edge nodes do not
generate data themselves and rely on endpoints or cloud nodes to send them data for processing. This introduces a need for resource
management on edge nodes to handle requests, possibly from multiple devices, as efficiently as possible on limited resources.

Compared to general resource managers often seen in the cloud domain such as Kubernetes [110], specialized resource managers
for DL can leverage domain-specific knowledge to optimize application performance beyond when and where to schedule workload
(P3, E3, C3). For example, VideoStorm [111] and Chameleon [112] propose a trade-off between latency, throughput, and model
accuracy by using different (compressed) versions of the same model [113]. When an edge node is busy, applications can be forced
to use smaller, less accurate models, which results in lower latency and higher throughput, while larger models can be used in times
of low activity. On the other hand, Mainstream [114] proposes work sharing between concurrent transfer learning applications. With
transfer learning, pre-trained DNNs are retrained to fit specific applications. The common computation can be shared if multiple
applications use the same pre-trained DNN, reducing the overall system workload.

4.1.4. Hybrid optimization

Model inference does not have to be limited to a single device only. Each device in the edge continuum has its characteristics
in terms of resource constraints and communication latency, and only by leveraging multiple devices can optimal performance be
achieved [115]. Here, we give two examples. The authors in [116] proposeOnce for all, a deep learning network architecture that
requires a model to be trained once, after which it can be adapted to fit a specific device’s resources by shrinking the original
model. This allows different versions of the same model to fit on endpoint and edge devices, simplifying the deployment process.
The authors in [64] propose a framework for model partitioning between mobile devices and data centers. They can automatically
partition DNNs and achieve an average end-to-end latency improvement of 3.1 times and an average energy usage reduction on
mobile devices of 59.5 percent, showing the effectiveness of such techniques.

4.2. Industrial use case

Industrial IoT (IIoT) promises automation and real-time monitoring for smart manufacturing by leveraging the computing
continuum. In general, IIoT applications are directly related to the infrastructure they run on, such as a manufacturing plant.
This creates strict constraints on privacy, latency, and redundancy, among other things. The modern and competitive production
environments led industrial and manufacturing companies to consider new solutions to increase revenue. Industry 4.0 relies on
heterogeneous physical devices, “things”, such as sensors and actuators in the production process. These Industrial IoT (IloT) devices
are integrated to simplify automation, improve communication, and increase production using smart machines without human
intervention [117,118]. IIoT devices allow the collection of a large amount of data from the controlled process, which needs to be
processed, analyzed, and stored. Naturally, this cannot be done locally in resource-limited embedded devices that collect the data.
Instead, the data must be transferred to more powerful computing nodes at the edge or in the cloud. The choice of where to perform
such operations depends on several aspects, including the geo-distribution of the data, the data rate, security and privacy issues,
the required durability of the collected data, or simply the need for computation capabilities.

Computing models located in different layers, apart from the manufacturing plant, could be the key enabler in dealing with such
challenges and solving them for the IIoT applications.

In this section, we investigate how Industrial IoT is currently realized, what infrastructure it is deployed on, and what can be
done to improve the field. We map these findings onto our reference architecture in Fig. 3.

4.2.1. Endpoint

Endpoints of the IIoT can be used for data collection, data exchange, or control purposes [119]. Endpoints in industry and
manufacturing could be resource-constrained smart sensors and actuators (P1, P4) that collect real-time data on the controlled
processes’ operations. These endpoints connected (PC1, PC2, CN3, CN4) to Programmable Logic Controllers (PLCs) are control
systems for local control, but they do not support advanced processing (P2). These devices are typically connected through a
backplane or using a field bus (PC1, PC2), e.g., Profibus and DeviceNet, or wireless, e.g., WirelessHART or 5G (P4), allowing for data
communication and exchange among devices and towards the edge continuum. It is common for endpoint applications to run on
Real-Time Operating Systems (RTOS) (P3), e.g., VxWorks, ThreadX (Microsoft Azure), PikeOS, or FreeRTOS, that enable real-time
operations and guarantees of the underlying industrial processes.

15



A. Al-Dulaimy et al. Internet of Things 27 (2024) 101272

4.2.2. Cloud

On the cloud data center side, both general-purpose and industrial cloud platforms are utilized [117]. For example [117], AWS,
IBM Cloud, Microsoft Azure, and SAP Cloud Platforms are among the leading solutions that are typically adopted, while Siemens
MindSphere, Bosch IoT Suite, and PTC Cloud platforms are solutions tailored for industrial uses (C2). Depending on the applications,
general-purpose platforms provide more flexible and integrated solutions. For example [117], SAP Cloud Platform can provide
seamless integration between IoT applications, data analytics, and SAP Enterprise Resource Planning (ERP) system (C1). On the other
hand, industrial cloud platforms allow for complete control over the computing resources and security while explicitly accounting
for non-functional requirements of IIoT applications, such as throughput and latency. Data transferred (PC1, PC2, CN3, CN4, CC3,
CC4) to the cloud layer can be processed or stored for online or offline analysis. Clouds offer much more compute and storage
capabilities than edge or endpoint devices, e.g., in the form of VMs or containers (C5). These resources are created, monitored, and
run by Hypervisors like Xen or ACRN (C3). With these resources, cloud computing is capable of performing advanced analytics for
tremendous amounts of data. Such kind of analysis supports decision-making processes in the plant [120]. In IIoT solutions, fault
tolerance guarantees and strong message durability are the main priorities. Services like Kafka, Apache Storm, or Apache Spark are,
therefore, the key technologies for handling the data coming to the cloud (C4).

There are some limitations in using cloud computing for IIoT (as discussed in detail in Section 2.2); they are: how to maintain
connectivity with cloud data centers? How to ensure enough bandwidth to transfer data between the physical location of the plant
and the cloud data center? How can network bottlenecks and latency caused by transferring massive amounts of data be avoided?
How to handle data security concerns that occur because of the centralized data processing and storage?

4.2.3. Edge

Edge computing supports meeting the timing requirements of the different IloT applications (E1). As the edge layer (EC3, EC4) is
closer to the data source (PC1, PC2), it offers massive connections and prompt response time. In addition, it can provide automatic
operation by running virtualized PLC or similar, together with maintenance and advanced security mechanisms. [121]. The edge
layer contains computing devices, called Edge Gateways (EGs), e.g., the Nerve fog node by TTTech, that operate as gateways between
the industrial plant and the cloud (E5). The function of EGs is to perform data analytics in real time [122]. These resources
can be managed by hypervisors, similar to the cloud, which can be modified to be used efficiently in industrial applications on
edge computing, for example, ACRN hypervisor [123] and PikeOS [124] (E3). The Open Process Automation Standard uses the
concept of Advanced Computing Platform, O-PAS description of edge computing capable of hosting virtual Distributed Control
Nodes (DCN) [125]. Devices on the edge computing network can process and store data of IIoT applications. The networking model
includes tools to ensure reliable and secure exchange of data in the industrial automation space [121], for example, Object Linking
and Embedding (OLE) for Open Platform Communications Unified Architecture (OPC UA) (E4), which O-OAS also proposes as the
communication model for increased interoperability.

Deterministic and time-efficient data management is crucial in real-time applications. Thus, back-end solutions have been
proposed to manage this issue. Google presents different types of flexible and scalable databases (e.g., Cloud Firestore and Realtime
Database [126]) that support real-time data syncing for different applications (E2).

Although edge computing offers many benefits, cloud computing is fundamental in serving IIoT applications, as resources at the
edge still have limited capacity compared to cloud resources.

4.2.4. Hybrid optimization

With hybrid optimizations, the resources at the cloud and edge layers can complement each other to meet the requirements of
IIoT applications. Recently, many works have investigated this problem, taking the distance of cloud data centers and edge devices
to data sources into account [127].

The authors of [128] present a system called RACE to execute real-time applications in the Cloud-Edge layers. RACE includes
a cost-based optimizer that places the application on the cloud or edge based on the processing power of the resources. In [129],
the authors describe the QoS-aware service allocation for the so-called Combined Fog—Cloud (CFC) architecture as an optimization
problem to minimize the latency. Another work [130] introduces a layered Fog-to-Cloud (F2C) architecture suitable for executing
IIoT applications.

These studies show that each layer has properties that support distinct roles or functions: the cloud layer supports high-
performance data processing, while the edge (or fog) offers less network communication cost and faster response time. Thus, I[IoT
applications take advantage of both layers.

4.3. Health use case

In pandemic situations, the need for telehealthcare service becomes dramatically fundamental to reduce the movement of
patients, thence reducing the risk of infection [131]. Telemonitoring is a quite recent topic. It allows doctors to evaluate a patient’s
health status and, in some cases, make decisions on treatments remotely. In healthcare, end-users include personnel and practitioners
of healthcare centers and clinicians. Often, these persons are not very confident with information and communication technologies.
Thus, they need easy-to-use software solutions and visualization tools to understand the patient’s health status clearly. This is a very
important task, especially in the telemedicine application scenario, where medical operators cannot directly contact their patients
but rely on video communications and/or remote IoT devices for measuring bio-physical parameters. In telemedicine, an operator
is responsible for evaluating the effective need for therapy or other health-related issues only by considering interviews and data
collected at the patient’s home. Recent breakthroughs in the Information and Communication Technology (ICT) field, such as Cloud
Computing and IoT, can be adopted to achieve such a goal. However, transferring and processing sensitive personal data raise
several security and privacy issues [132,133].
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4.3.1. Endpoint

One or more diseases can affect patients (i.e., COVID-19, diabetes, heart disease, etc.). For each of these pathologies, different
vital parameters have to be monitored. Moreover, patients could also be bedridden, increasing the difficulty of the monitoring. For
this reason, specific systems have to be used [134]. This crowded scenario requires different specific sensors for each parameter
to monitor (P1). For instance, considering COVID-19 one of the most important parameters is the blood oxygenation measured
using oximeters (such as finger pulse oximeters, smart bands, bracelets, or smartwatches); diabetes disease requires the constant
monitoring of glucose done by using blood glucose monitoring systems (P2); heart disease instead is relatively more complex to
monitor because more than a single parameter (such as heart rate, and blood pressure) have to be monitored [135]. These parameters
can be monitored through sensors like health rate belts or integrated systems such as sphygmomanometers and smart watches
(P4). These appliances, used to transmit collected data to the cloud data centers, usually implement proprietary communication
protocols based on GATT (Generic ATTribute Profile) (P3) [136]. In parallel to the devices mentioned above, in recent years, micro-
controller boards like ESP32 and Arduino (P4) have been used as medical devices [137]. The advantage of using these devices is their
flexibility. That is, by using a general-purpose microcontroller, developers can implement their communication protocol, preprocess
data on these devices, and transmit data to custom platforms [138]. The side effect of using general-purpose micro-controllers is
the calibration process because they require costly devices.

4.3.2. Cloud

In 2017, “wanna cry”, the first implementation of ransomware [139], prompted the affected hospital’s IT managers to migrate
their services to the cloud to reduce the risk of cyber attacks. Many telehealthcare platforms (C2) have been developed to allow data
monitoring and sharing [140,141]. These platforms allow medical personnel to continuously check the health status of patients from
remote locations and help medical doctors make the right decision about care [142]. In recent years, with the advent of blockchain,
telemonitoring platforms are adding new features such as non-repudiation and trustworthiness [142-144]. Cloud computing-based
healthcare systems mainly have two issues to be tackled, which could be solved in collaboration with the edge layer:

1. in case of cyber attacks on the cloud provider, data stored on the cloud could be publicly distributed [145] violating the
patients’ privacy;
2. disconnections of the hospital from the Internet make any or all services unavailable.

4.3.3. Edge

Edge computing refers to the enabling technologies allowing computation to be performed at the network’s edge, reducing both
latency and bandwidth for the computation and increasing the security of data [146]. In healthcare scenarios, edge computing
devices (E5) are crucial because they allow the use of software and applications (E1) even when the hospital is disconnected from
the Internet [147]. Edge devices, due to their limited computational capabilities, are not able to execute complex machine learning
algorithms [148]. For this reason, in the last years within the scientific community, several lightweight machine learning algorithms
(E2) for Edge devices have been proposed [149-151].

4.3.4. Hybrid optimization

Both Edge and Cloud solutions have benefits and drawbacks. Cloud-based solutions can cause privacy and service availability
issues, while edge-based solutions cannot perform complex tasks on data. By combining both cloud and edge solutions, we can: i)
reduce both privacy and security issues due to the storage of sensitive data on the Edge layer [152]; ii) analyze data in close to real-
time by performing the computation on the Edge [153]; iii) allow the hospital to work even without an Internet connection [154];
iv) and perform complex computation and heavy machine learning algorithms on the Cloud [155].

4.4. Consumer use case

Cloud gaming supports gaming via streaming, that is, playing any game on any device without owning the physical hardware
required to process it or needing a local copy of the game itself. However, the latency requirements are much stricter, the content is
not buffered, and real-time input control processing is required. One common approach in cloud gaming networking is to perform
the rendering and game logic on the cloud on remote CPUs/GPUs and decode the content locally. However, the main drawback
of such an approach is the requirement for more bandwidth and processing time. In this respect, unstable and bandwidth-limited
mobile networks might be unable to support real-time gaming video transmission, resulting in V-sync accumulating frames, skipping
frames, or tearing. Therefore, communication technologies such as 5G and beyond are essential to deal with the problem at the RAN
level. Unfortunately, even if frames are received at precisely 60 FPS with exactly 16.66667 ms between them, there will still be
issues as the client screen’s refresh rate will never match up perfectly to the rate the frame is received.

The need for ultra-low latency and mobility support can be tackled — in concept — by edge computing environments [156]. Such a
proposal involves the utilization of local infrastructures as edge nodes and support streaming games within the same access network
as the end devices directly from there. The advantage of this use case is that Windows games will be playable on platforms with
limited access to AAA games (Linux, Android, IOS...). As part of this concept, key modules of the streaming solution need to be
adapted to exploit the characteristics of the edge infrastructure and executed on edge nodes. A standalone game Edge module can
be developed exploiting this framework. Low-end hardware can be used for high-end games using that module. To isolate and make
the game execution independent, rendering, encoding, and Edge modules, as well as the management of the multiple users inputs,
the solution can resort to sandboxing techniques to enable “n” users to play the same or different games each in their environments.

For the use case implementation, the following technological developments are necessary:
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Table 7

A set of metrics for the game application.
Metric Value
User Control Input (latency between edge and client) <30 ms
Edge Node Encoding Process Rate =60 fps
Streaming from Edge to Client >8 Mbps
Jitter between Edge and Client <200 ms

Table 8
Latency vs. user experience vs game type.
Poor latency or lack of User experience Game types
throughout symptoms
Lag Gameplay stutters or does not respond to user input realistically MMO, FPS, Any Real-time play
Time Jumps Misaligning Client predictions with server state causes jumps and Shooters and other real-time play

sudden changes in client game state

Slow Loading Delays in initiating sessions or moving to a new map while data is MMORPG, turn-based gaming,
being downloaded immersive graphical experiences

Failed Downloads Download of a new game or new module to an existing game fails Any game with a client

Buffering Video Game viewing buffers or Video fails to start during event or replay eSports (all online game types)

» Edge module: A server-side SDK developed as a set of functions that performs the following tasks: launching a game in
a sandboxed environment, receiving input from the user, and sending back video and audio streams corresponding to the
execution of the selected game. For the SDK to work, the path of the game to launch (previously installed in the server) and
the IP and port where the client-side application is waiting for the connection will be required. The Edge module SDK will
consist of two modules: a Sandbox system for the execution of the games (rendering) and a Game Session manager that will
perform the encoding process of the video and audio output from the sandboxed game and the management of the users inputs
and sending them to the sandbox. This module also performs streaming.

Client module: End-user software that captures the user input and receives and decodes the streams generated by the Edge
module.

4.4.1. Endpoint

The Client application (P2) is the end-user software that connects remotely any device (P4) with the edge layer. The client is
responsible for displaying the output (decoding of the streams) received from the Edge module (the content of the applications),
capturing the user’s “inputs” (keyboard, mouse, gamepad, controllers), and sending them to the Edge layer.

4.4.2. Cloud

Cloud resources are not relevant in this use case. The edge layer can migrate to the cloud, as a last resort, i.e., compromising
the Quality of Experience instead of completely stopping the service. In this case, the main functionality of the central Cloud layer
is to select appropriate edge locations and deploy the necessary components (C3).

4.4.3. Edge

The SDK (E2) at the edge layer will be integrated into the infrastructure’s management framework (E3), allowing different
instances of the edge module to be launched, each with a game (E1) in different virtual machines (E5) and different locations. Each
user will be represented as a process (E1) in the active session on the virtual machine, and an intermediate software layer will
be placed between the process and the operating system (E4) for virtualizing all the system resources and isolating the users from
each other. Each session can have several processes opened simultaneously, although all of them share the system resources. Once
the user connects, the game runs as a normal process on the active session, and the sandbox (E5) is executed between the process
and the operating system, so all the communication between them is intercepted by the sandbox and can be modified without the
application noticing it.

The SDK lying on the server side includes a set of functions that perform the following tasks: launching a game in a sandboxed
environment, receiving input from the user, and sending back video and audio streams corresponding to the execution of the selected
game. For the SDK to work, the path of the game to launch (previously installed in the server) and the IP and port where the client-
side application (P2) is waiting for the connection are required. The SDK consists of two modules: a Sandbox system for executing
the games (rendering) and a Game Session manager that will encode the video and audio output from the sandboxed game, manage
the user’s inputs, and send them to the sandbox. This module also performs streaming.
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Table 9
Three scenarios manifesting potential implementations of the use case.
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4.4.4. Hybrid optimization

The cloud resources can be used to orchestrate the underlying Edge Modules, ensuring the deployment of cloud services (C3),
like load-balancers and autoscalers. The cloud part can also monitor the overall QoS and migrate the Edge Module for service
handover, proactively placing data and services in appropriate edge nodes. The use case can benefit from distributed orchestrators
like [66,157,158].

In Table 7, we summarize a set of metrics for the game application as an example of the consumer use case, while in Table 8,
we compare latency and user experience in different game types.

Table 9 provides scenarios that manifest potential use case implementations.

4.5. Governance use case

Smart governance has exposed a wide proliferation of compute-demanding applications that continually generate enormous
amounts of data with a large variety, velocity, and volume [159]. With the increasing requirement for traffic safety, the advance of
5G, Al, and edge computing, completely new application areas are emerging to facilitate convergence of telecommunication (e.g.,
5G) and computational technologies (Edge, AI). An interesting use case of this is the intelligent traffic light that increases the security
of participating parties, particularly vulnerable groups like pedestrians, bicycle drivers, or children. Injuries happen very often due
to drivers’ distractions or blind spots. With our use case, we address in particular yet unsolved problem that can be addressed in
joint utilization of end devices, edge, and cloud technologies [160,161]. Fig. 6 illustrates our intelligent traffic light use case with
all steps, involved components, and participants.

In Step 1, vulnerable road users (e.g., pedestrians and cyclists) are captured in video frames collected by a deployed traffic camera
(E1). Input video frames are analyzed online by the edge processing module in Step 2 (E2). Frames search for target users in the
critical crosswalk or intersection area (e.g., pedestrians).
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Fig. 8. Object detection [160].

If the predefined objects (humans, pets, etc.) approaching this monitored area are detected (Step 3), a notification message
is generated in Step 4 (E4). The message is then received by the end device (usually a smartphone) that has a pre-installed app
installed, which shows visual and audio notifications (Step 5) (P1).
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Fig. 9. Traffic light [160].

Fig. 10. Object detection [160].

4.5.1. Endpoint

As an endpoint, we use smartphones to visualize the alerts on Google Maps (P2). Fig. 8 depicts a sample alert that visually and
acoustically alerts the drivers of the cars in case an object is detected in the blind spot. Since we are addressing critical situations,
the alerts have to be visualized on the smartphone or linked dashboard display within specific time frames, and the communication
protocol should have a minimal message overhead to keep the transfer time and latency low, offer guaranteed delivery of messages
to users, and avoid unnecessary network flooding. Therefore, we decided on publish/subscribe (Pub/Sub) protocols that allow event-
based notification and dynamic targeting of drivers close to a particular crossroad. In our scenario, accurately detecting pedestrians
and cyclists requires aggregating sensor data at a single processing point. Therefore, a protocol designed for centralized processing
is more desirable than a distributed protocol. Another desirable feature is the variety of different Quality of Service (QoS) that can
be selected in demand, respecting different levels of provided latency. Once an object is detected, we notify all devices subscribed
to a specific topic within a certain geographic area. Due to all restrictions and described demands, we selected MQTT [162] as the
communication protocol (P3).

4.5.2. Edge

The Edge unit is necessary to process video frames in near-real-time. As shown in Fig. 7, we employ single-board Raspberry Pi
(RPi) edge devices, to which we attach co-processors to improve the performance of neural network inference. Fig. 9 depicts concrete
installation at a traffic light. As co-processors, we utilized Google’s Coral Edge TPU accelerator and Intel’s Neural Compute Stick 2
(NCS2) since both can be plugged in via USB and used for vision-based ML applications. Input video frames are constantly analyzed
by the edge processing module in Step 2 (See Fig. 6), searching for target users in the critical crosswalk or intersection area. The
software module on the Edge is developed using TensorFlow Lite, a version of the popular TensorFlow framework optimized for
limited IoT devices, including RPi. We use pre-trained convolutional neural network (CNN) based object detection models, trained
using the standard COCO dataset. Fig. 10 depicts detected objects.

4.5.3. Cloud

Cloud infrastructure is not shown in Fig. 9 but is necessary for long-term planning of traffic behavior in urban areas. Aggregated
and anonymized data from the particular traffic light are collected and can be periodically sent to a city government to optimize
traffic planning (C1). For example, it would be interesting to know how many people were in critical situations on a large scale.
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For other decisions, it might be necessary to know at which time of the day/week/month most pedestrians are crossing the street to
optimize routes of blue light organizations (e.g., ambulance, police, fire, and search and rescue services). Aggregated data collected
from various traffic lights can be used for diverse long-term strategic planning decisions.

4.5.4. Hybrid optimization

Hybrid optimization is necessary in case of staleness control [163]. Usually, we assume constant data distributions when we
train our models. However, data distribution might change over time. A typical example would be when a traffic light changes
environmental conditions due to the sun’s path or the changed behavior of the traffic participants. In that case, models have to be
retrained and redistributed over time. Another reason for hybrid optimization is the so-called cold start when a new traffic light is
enrolled. To avoid cold starts, models from the repositories can be reused and re-adapted during the short time frame.

4.6. Municipality use case

Cloud and edge computing are appealing models that have the potential to overcome the data volume and communication
latency-related issues [164]. However, the deployment of the municipality use case applications engenders new challenges.
Therefore, we highlight in this section the role of cloud and edge computing in realizing the vision of such applications through a
smart traffic management system focusing on parking occupancy, which is essential to properly manage the limited parking places in
the city centers. The smart traffic use case is an example of traffic monitoring, guidance, and resource management systems [165]. Its
primary focus is on applications with massive machine-type communications (e.g., for sensor data) and enhanced mobile broadband
(e.g., for live footage), which are typical use scenarios for fog and edge computing. The parking occupancy in the smart traffic
application is composed of the following core components:

1. Traffic sensors (cameras, inductive loop, or ultrasonic detectors), operated by the governance body, support real-time sensing
and data transmission to a specially configured Edge device for initial processing.

2. Data aggregation and preprocessing is a virtual container instance that receives complete information from the sensors, such
as frames from the camera or the number of detected vehicles by the inductive loop detector.

3. Parking occupation component uses the aggregated and preprocessed to determine the parking space’s occupation status
(i.e., free, occupied) represented by the defined geometry.

4. Licence plate recognition component is used to identify the vehicle’s registration plate, which is later used to confirm if the
vehicle is allowed to park in the given parking place.

5. Web component that informs the end-users about free parking spaces and provides further navigation information.

4.6.1. Endpoint

The endpoint is represented by traffic sensors that continuously gather information on the occupancy status of parking spaces.
Considering the high price and range limitations of inductive loop or ultrasonic detectors, the most suitable approach for determining
parking space occupancy is the utilization of traffic cameras (P1 and P2). However, different approaches are required at the end
node to accommodate the requirements of the various sensors. When inductive loop or ultrasonic detectors are used, the data
preprocessing is performed at the endpoint (P3 and P4). However, more computational resources are required when using traffic
information from cameras, which are usually not available at the endpoint.

4.6.2. Cloud

The Cloud is utilized to visualize the available parking places and provide additional services, such as re-routing or driving
navigation to the next available parking space or determining if the vehicle is lawfully parked. Multiple cloud services exist
for visualization, including Amazon QuickSight and Microsoft Power Bi. However, Grafana, with the TrackMap plugin, can
create a specifically tailored visualization service (C1). Related to driving navigation, services such as Google Maps Platform and
OpenStreetMap API can be used in the Cloud (C2 and C4). Lastly, for more complex services, such as license plate recognition
and confirmation of the lawfulness of the parked vehicle, specialized APIs and adapters have to be used, as many smart cities use
different solutions for parking permissions.

4.6.3. Edge

The Edge is the essential layer that enables fast and reliable detection of available or occupied parking places over large
geographical areas (E1, E2, and E3). Recent research work [166] shows that the Edge can perform image processing and machine
learning inference efficiently. This allows for complex algorithms to be used with traffic cameras video streams, which, in
combination with other types of traffic-specific sensors, can be used to identify available parking places across larger areas of the
cities (E4 and E5). This system has higher added value, as license plate recognition can also be performed, which can be later used
to compare with the centralized database in the Cloud.
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Table 10
Summary of requirements for execution of the municipality use case components.
. ) Requirement Compute Network Energy
Functionality
Data aggregation Low (Endpoint) <2 ms/>1 Gbps Low
Parking occupation Medium (Edge) <12 ms/>1 Gbps Low
Rerouting High (Cloud) <60 ms/>100 Mbps Medium
Visualization High (Cloud) <100 ms/>100 Mbps High
Table 11
Comparing the operations of different use cases across the layers of the computing continuum.
Use case Endpoint Edge Cloud
Science Data preprocessing Small-scale model training Large-scale model training
Industry Data collection Low-latency control Offline analysis
Healthcare Data collection Data preprocessing Offline analysis
Consumer Visualization Decision making and logic Long-term planning
Governance Alerts visualization Data processing Long-term analysis
Municipality Data collection Low-latency control Visualization

4.6.4. Hybrid optimization

Smart traffic management systems can benefit from hybrid optimization. Although these applications are already highly
distributed, they lack adaptability, as they require specific protocols for communication and highly specialized hardware resources.
This implies that specific computing and communication infrastructure must be provisioned before the application can be deployed,
thus hindering the possibility for utilization of public cloud provider and ad-hock resources. To solve this issue, proper resource
provisioning and application scheduling systems have to be used, capable of managing resources that reside across different control
domains, including public and private cloud and edge providers (C5).

In Table 10 we summarize the requirements of the municipality use case per functionality in terms of compute, network, and
energy requirements.

4.7. Comparison

In Table 11, we summarize and highlight the various operations and functionalities of the designed use cases across distinct
layers of the computing continuum.

The collaboration between the IoT, edge, and cloud layers results in an adaptive paradigm (the computing continuum) that is
able to perform different operations to meet the requirements of diverse applications and use cases (usually expressed by metrics,
e.g., latency). Considering the system’s current state and specific use case constraints, the layers are collaborating to offer an adaptive
and cooperative system that considers predefined metrics. The computing continuum’s adaptability is driven by the huge number
of resources that are distributed across its layers, allowing the system to evolve different scenarios and run efficiently in various use
cases.

5. The current related trends

Adopting cloud computing services has become indispensable for many institutions, enterprises, and manufacturers. Thus, new
cloud-related trends in public cloud computing services have emerged to expand the range of services and enhance their quality.
With such trends, the benefiting entities can simplify IT management, enhance their Return on Investment (ROI), and speed their
paces toward digital transformation. Thus, new trends are expected to continue to emerge, to evolve with exciting new use cases.
In this section, we picked some interesting cloud-related trends and discussed them.

5.1. Serverless computing

Serverless computing extends the classical cloud computing model by allowing developers to build and run applications without
requiring server management or considering other operational aspects. Serverless computing allows developers to develop, deploy,
and run their applications using cloud computing resources without the need to allocate and manage virtualized servers and
resources. The responsibility of any operational aspects, such as fault tolerance or the elastic scaling of computing, storage, and
communication resources to match varying application demands, is the responsibility of the cloud provider [167,168].
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5.2. Federated cloud computing

Federated cloud computing refers to collaboration between different cloud providers. This collaboration allows for the sharing
of computing power and other resources between cloud providers located in different geographical regions. This concept has many
benefits, such as improved availability, mobility, cost-effectiveness, and power efficiency.

Federated cloud computing utilizes the concept of federated learning. Federated learning [169] (also known as collaborative
learning) is the way to cooperate and train a single model by different agents or devices. The traditional way of training models
raises many drawbacks and issues when the data size increases. Another important factor is data privacy. The centralized learning
model requires all the participants to send their raw data to a central place to get trained. The process of sending raw data by several
data generators (participants) to a central place to get trained triggers many questions, such as: What will happen if the number of
data generators spikes to thousands or even millions? How to manage petabytes of data? How to protect the data?

However, the integration of cloud computing and federated learning comes with some challenges that can be summarized in the
following points [170,171]: (1) Data Privacy: The main idea behind federated learning is how to protect the clients’ data by training
their data locally without a need to send the raw data to a central place, (2) Scalability: The current FL infrastructure assumes the
existence of a central place that is responsible for averaging the clients’ models and distributing the global model. The question is:
What is the maximum limit for that central server? (3) Heterogeneity of clients and data: Clients might vary from mobile devices to
hospital computers. If we go a bit wild, IoT micro-controllers can collect data using sensors and enough computation power to train
the data locally. This diversity brings all the heterogeneity issues in distributed systems. (4) Clients Availability: a client might be
selected to participate in updating the global model by uploading its local model to the central server. Some questions need answers
concerning this point: Do we need to select the clients with high availability scores? And what metrics should be used to tell if a
client is highly available in the federated learning world, and (5) Security — Intruders: It is possible for some clients with malicious
intent to upload corrupted models to the central server, causing the global model to deviate from its optimal goal.

5.3. Cloud manufacturing

In the competitive and digitally transformed production environment, manufacturers face some challenges. The main two
challenges are dealing with the large amount of data generated by the manufacturers’ distributed resources and coordinating between
manufacturers to share the usage of their data.

In the manufacturing industry, the production environment comprises the operations that support the production processes to
create specific products. The production processes are typically carried out by distributed manufacturing resources set in different
locations. Such industrial systems need to be shaped in a model that can manage all manufacturing services centrally. This model
is called “Cloud manufacturing” (CMfg). CMfg expands the principles of cloud computing (Everything-as-a-Service, XaaS) to cover
the manufacturing environment, resulting in new types of services that we can call Manufacturing-as-a-Service (MaaS).

The fundamental concept of CMfg is to encapsulate manufacturing resources, network capacity, and IoT features into services
and then offer these services to different manufacturers upon request so they can improve their productions. In other words, with
CMfg, the manufacturing resources are transformed into production services managed intelligently to keep the production at the
top level [172]. CMfg aims at (1) transforming the traditional distributed manufacturing resources into manufacturing services and
integrating them, and (2) Utilizing the cloud computing model to make such services available over the network.

Manufacturing companies can benefit greatly from adopting an XaaS model. By doing so, the companies eliminate the need for
hardware maintenance and technical support from the IT team. Additionally, there is no requirement for software licensing and
upgrade expenses, which can significantly reduce the company’s outlay in the long term. This approach allows manufacturers to
streamline their operations and optimize their budgets.

6. Future vision: On the development and evolution of the computing continuum

Computing has gone through several waves of evolution. This process does not show signs of stopping. This work presents several
use cases and discusses different current computing trends. By investigating them from diverse perspectives, we showcase current
and currently emerging applications and their complex requirements related to computing power, storage, and network. We also
emphasized higher-level emerging needs, e.g., related to sustainability and responsibility.

We envision the following:

1. The applications and use cases will evolve toward more sophisticated use with more complex requirements while supporting
increasingly broader populations and organizations.

2. The computing continuum will continue to evolve radically at times to meet the requirements of novel services, applications,
and emerging use cases.

The computing continuum currently provides the most promising approach among all computing paradigms and approaches to
support such requirements. This is because the continuum promises to seamlessly use all the relevant resources and services across
the entire infrastructure and all layers in the continuum, e.g., end user layer (mobile or IoT devices), edge layer (edge/fog nodes), and
cloud layer (data centers). This provides an excellent match with envisioned needs. When data is generated, it can be pre-processed
or filtered at the end user layer or edge layer. Then, the process can be carried out further at the edge layer. The data can be
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Fig. 11. The future of computing.

transferred to the cloud layer for complex processing and analysis. Connectivity, especially intra and between layers, is essential to
the continuum. Therefore, communication and network technologies need to be utilized efficiently for better performance.

However, the computing continuum still faces some challenges related to Application design, Application placement decisions,
Security and privacy concerns, Human-in-the-loop management systems, and Performance monitoring. Thus, more modern concerns
require clear definitions and standardizations. Besides, different research directions on the computing continuum should be explored
to meet the diverse requirements of the new applications and services. In this work, we discuss the following directions, based on
the sophisticated functional and non-functional requirements of the wide range of applications and use cases expected to emerge
(as summarized in Fig. 11).

6.1. Architectural direction

In this direction, we examine the potential for future research in the multi-layer architecture of the computing continuum. This
architecture comprises a network of devices and systems that provide computing services to different applications. The direction
suggests that by conducting further research on this architecture, it may be possible to enhance its functionality, leading to improved
performance, efficiency, and user experience, and to develop a more robust and reliable computing architecture that can meet the
growing demands of modern society.

» Improving geo-distributed data analytics approaches: Analyzing data on geographically distributed nodes (across endpoints,
edge, and cloud data centers) is substantial these days and in the upcoming decade(s), especially after the emergence of
Metaverse, second life, virtual worlds, and mirror worlds concepts. However, such analysis has multiple challenges, including
providing low latency. Utilizing the integrated computing layers of the continuum when placing data is essential to overcome
such limitations, considering the computing and storage limitations of the endpoints and edge nodes. A possible direction
for improving data analytic approaches in the computing continuum is by reducing data analytics responses. This can be
done by optimizing data placement via improving data locality and/or minimizing outliers in task execution. A critical issue
to be considered here is communication and network congestion, especially in the endpoint and edge layers. Optimizing
communication patterns can help deal with the probable network congestion [173].

Re-thinking data management in decentralized ecosystems, across the entire continuum: In the continuum environment,
distributed computing devices generate and process vast amounts of data at the edge of the network. Different users and
applications may need to cooperate and share such data to achieve a common objective. Thus, new approaches are expected
to manage data sharing efficiently in the layers of the continuum. There is much to investigate in abstractions, support for
mobility and heterogeneity, failure models and managements, etc. [174].

Expanding the layers of the computing continuum: The current computing continuum architecture may result in difficulties in
migrating workloads between clouds. There is a need for more freedom in workload placement. This is to avoid stucking
to a single service provider, and also to maintain the regulations of data storage and processing [175]. Adding another
abstraction layer above the cloud can solve such problems. This layer can operate when cloud platforms are operating below
it, so workloads and applications move and interface with different cloud platforms. With such architecture, named Sky
computing or SuperCloud, different cloud providers can reconfigure their infrastructure on-the-fly to move services between
their geo-distributed platforms.

6.2. Technological direction

This section discusses important points that we anticipate will lead to groundbreaking discoveries in the upcoming years. These
points are related to the technologies used by the nodes host in the layers of the computing continuum, which will significantly
improve the nodes’ performance.

» Integrating advanced computer architecture into the continuum: In traditional computing architecture, known as von Neumann
(vN) architecture, the processing unit and memory are physically separated but connected via shared buses. VN is simple
to design and program, and most computers adopt it nowadays, but it comes with a drawback called the vN bottleneck.
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This bottleneck results when transferring data between the processing unit and memory through the bandwidth-limited bus.
Consequently, this causes performance degradation and energy waste. The novel Non-von Neumann (NvN) architecture is a
promising solution to this problem [176]. Examples of the technologies in NvN computers:

— Quantum computing is recognized by its ability to execute tasks quickly; thus, we think that quantum systems will act as
future consolidated clouds. Thus, integrating quantum computing with the continuum will overcome many challenges,
such as performance degradation and low latency. Thanks to quantum computing, Nanotechnology, and nanoscience
may also be integrated, together with Al, into microscopic nodes [177].

— Neuromorphic computing is a brain-inspired computing model. In neuromorphic computers, the processing unit and
memory are controlled by an integrated environment composed of neurons and synapses. The applications running
in such computers are defined by the structure of the neural network. Thanks to neuromorphic computing, some
fundamental operational differences can be highlighted compared with the vN computers [178]: Collocated processing
and memory, Highly parallel operations, Event-driven computation, Inherent scalability, and Stochasticity.

Thus, we think computers based on NvN architecture can be injected into the layers of the computing continuum environment
to support the other nodes.

Considering optical computing for practical problems: Optical computing, also called photonic computing, is the technology
where computing is performed entirely in the optical domain [179]. In general, computation is done in two stages: data
transfer and data processing [180]. Optical computing promises to speed up the computation as data can be processed while
it is transferred. However, it is in its infancy and needs development to be a mature paradigm.

Adopting intelligent computing on a broader scale: With intelligent computing, computers will act as problem-solving and
decision-making entities. Computers with brain-like intelligence need to be disclosed and adopted in the computing continuum
layers. This can be done by developing novel theories for (1) the essential elements of human-like intelligence (silicon and
carbon transistors) at the computers’ macro-level and (2) the computation theory to generate uncertain results at the micro
level instead of only deterministic results, as the creativity of intelligence is built on uncertainty [181].

6.3. Conceptual direction

The points in this section shape our view about some concepts that may contribute toward a more efficient computing continuum.

Cognitive edge—cloud: To establish a self-managed and opportunistic collaboration between heterogeneous devices in the edge—
cloud continuum, it looks promising to consider the cognitive devices in computing. Cognitive devices [182] are distributed
in the edge—cloud and can make decisions autonomously using their restricted computation and storage resources based on
information sensed from their environment. Cognitive edge-cloud computing can be built on several existing algorithms (e.g.,
machine learning) and technologies (e.g., sensing) to serve different use cases better. We expect cognitive devices to be smart
and connect/disconnect to the system as required.

Combining autonomic computing and AI/ML: Autonomic computing, also called self-adaptive systems, is a model that
investigates the systems’ ability to reach desirable behaviors by themselves, where behaviors could be self-configuration,
self-optimization, self-protection, and self-healing [177]. We expect that intelligence-based autonomic computing will become
a fundamental model to cope with the increasing scale of systems (such as digital twins and cyber-physical systems), as
monitoring and administrating such systems is costly. Intelligence-based autonomic computing could be a promising solution
to such challenges by self-adapting physical assets.

Enabling application middleware and frameworks for continuum exploitation: Application middleware could be propped to
easily support application logic to be written and distributed across the continuum. We think that dynamic discovery and
configuration aspects should be supported to adapt to changing placement or run-time conditions. The ability to expand
towards the continuum should be accompanied by relevant capabilities offered to applications to exploit these features directly.
This exploitation should be performed abstractly, potentially combined with the self-* abilities to drive a seamless application
evolution and adaptation in the computing continuum.

Interactive apps: With the emergence and popularization of online gaming, augmented reality experiences for training and
execution, and, more recently, digital twins, there is much room to improve and evolve the current generation of interactive
applications. Incorporating field- (e.g., from sensors) and user-data (e.g., from gamers) will be a significant challenge, especially
when such data need fast processing and immediate response to maintain the interactive conditions.

Considering responsibility: The infrastructure of the computing continuum forms a predictable evolution but also a considerable
open challenge. Although early ideas exist [183], much remains to be studied, designed, implemented, and deployed. Since the
2010s, societal factors such as responsibility, trust, and inclusion have become prominent concerns, especially for large-scale
infrastructure serving many people and organizations.

Considering society: The computing continuum needs to consider the human social dynamics in what we can call it Social
Computing. Social computing refers to a new computing paradigm that addresses interdisciplinary applications, tools, and
research topics, as well as the design and use of information and communication technologies that consider the social context.
It can help analyze individual and organizational behavior [184]. The infrastructure in the continuum could be integrated
with artificial social agents to generate social knowledge.

Addressing sustainability: Sustainability is concerned with the (efficient) production and use of electricity, the emission of
greenhouse gases, and other pollutants and factors that impact the climate.
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6.4. Infrastructural direction

In addition to computing power, other infrastructure resources presented here are important for providing stable and efficient
services in the continuum.

6.4.1. Communication

Novel communication frameworks are needed to connect the layers of the computing continuum and the heterogeneous devices
within each layer so that multiple applications can be efficiently served. This section provides multiple points that could enhance
communications in the computing continuum:

+ Providing new communication capabilities: The emergence of a wide range of applications with high network demands will
pose challenges that 5G technology may not handle. Future networks will play a crucial role in meeting the communication
requirements of various applications and services. To fully understand such potential requirements, collaborating between the
industry and research communities with a shared vision is indispensable to address the 6G era and even beyond [185]. What
is expected from such a vision is to push beyond the technical limits of 5G and to come up with new capabilities that enable
faster and more reliable data transfers.

Exploring new technologies to revolutionize the Internet: All services offered by the computing continuum are done via the
Internet. Thus, the Internet should be available everywhere to bring data directly into the edge and/or cloud. This requires a
revolution in the internet infrastructures to change the ways of communication.

A promising direction to achieve this goal is by, for example, utilizing Low Earth Orbit (LEO) or Geostationary Earth Orbit
(GEO) satellites instead of using traditional communication media (e.g., cables and radio). LEO satellites can be interconnected
to provide global broadband that can be accessed directly anywhere on Earth. They aim to provide low latency and high
bandwidth Internet access, while GEO satellites cover a specific geographic area on Earth.

6.4.2. Storage

Due to the big data generated from the IoT layer, storage becomes a fundamental resource in the computing continuum. There is
a need for more efficient and fault-tolerant distributed storage systems that can provide fast access times, redundancy, and automatic
backup features.

6.4.3. Power supply

Ensuring an uninterrupted power supply is necessary for providing stable services in the computing continuum. Different
solutions could be adapted for providing reliable power solutions in the continuum, like the Green energy solutions that depend on
renewable energy sources, e.g., solar, and wind.

6.5. Pragmatical direction

In addition to the above four directions, a pragmatic direction also evolves from the vast resources and services already deployed
and maintained as contemporary cloud, edge, and other infrastructure.

+ A pragmatic evolution of current infrastructure: Linking to the already deployed infrastructure, especially services. A few very
large players dominate the cloud services market, so their technological choices effectively are De Facto standards for many
operational concerns. The market segmentation adopted by these tech giants, e.g., serverless, pods, and larger resources at
Amazon Web Services will not disappear soon and need to be considered in practical approaches for the foreseeable future.

» Similarly, various levels in the traditional stack tracing back to the 1980s and 1990s, have become De Facto standards and
cannot be easily replaced. For example, operating systems, including the many variants of the popular Linux, impose interface
and architectural limitations that will need to be considered for the next decade.

7. Conclusion

Recently, new use cases and applications have emerged with diverse and complex requirements. The cloud computing model
offers on-demand provisioning of elastic computing resources to these applications to meet their requirements. Cloud computing
has revolutionized the field of computing with its services, characteristics, and business model, but at the same time, it concurs
with some challenges. New models have emerged, forming what is called a computing continuum, to solve such challenges and
meet emerging application requirements and design goals. However, despite the emergence of new computing models, a number of
challenges remain that need to be addressed and overcome in the future.

A better understanding of the computing continuum will help tackle and solve such challenges. Thus, this work presents
a reference architecture for each edge-cloud computing model and the edge-cloud communication technologies. The reference
architectures cover all models and technologies in the three distinct tiers of systems that form the reference architectures: endpoint,
edge, and cloud. For more comprehension, we provide several real use cases from various sectors. These use cases help validate the
architectures by highlighting specific components and demonstrating how they would be related and used in different applications
and use cases. Finally, several potential research directions are envisioned from different perspectives to further enhance the
functionality and performance of the computing continuum.

The comprehensive overview presented in this work is of great value to researchers and engineers who want to further investigate
and advance the computing continuum. It is an essential resource for anyone looking to make meaningful contributions to the
ongoing evolution of computing.
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