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Abstract
Multiaccess edge computing (MEC) is a dynamic approach for addressing the capacity
and ultra‐latency demands caused by the pervasive growth of real‐time applications in
next‐generation (xG) wireless communication networks. Powerful computational
resource‐enriched virtual machines (VMs) are used in MEC to provide outstanding so-
lutions. However, a major challenge with using VMs in xG networks is the high overhead
caused by the excessive energy demands of VMs. To address this challenge, containers,
which are generally more energy‐efficient and less computationally demanding, are being
advocated. This paper proposes a containerised edge computing model for power
optimisation in 6G‐inspired massive Internet‐of‐Things applications. The problem is
formulated as a central processing unit energy consumption cost function based on quasi‐
finite system observations. To achieve practicable computational complexity, an approach
that uses a search heuristic based on Lyapunov techniques is employed to obtain near‐
optimal solutions. Important performance metrics are successfully predicted using the
online look‐ahead technique. The predictive model used achieves an accuracy of 97%
prediction compared to actual data. To further improve resource demand, an adaptive
controller is used to schedule computational resources on a time slot basis in an adaptive
manner while continuing to receive workload levels to plan future resource provisioning.
The proposed technique is shown to perform better compared to a competitive baseline
algorithm.
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1 | INTRODUCTION

The proliferation of next‐generation (xG) network services
and applications continues to result in the generation of
massive amounts of data. In most xG applications, data
transmission and usage are usually delay‐sensitive [1]. Delay‐
sensitive data must be processed with minimal delay, which
has been a major challenge in network core or central cloud
processing network design. In particular, congestion build‐up
on the network backbone and high transmission delays have
been the main challenges faced by network operators [2]. In
response, multiaccess edge computing (MEC) solutions are
being advocated to see an accelerated shift from cloud

processing to edge processing, bringing processing closer to
the data sources. This paradigm shift brings many opportu-
nities to improve the network quality of service (QoS), which
in turn improves the welfare of end users [3].

An important application of MEC in emerging xG com-
munications is in large‐scale or massive Internet of Things
(mIoT) networks. Without a doubt, MEC can improve several
aspects of the mIoT network. For instance, by adopting edge
computing capabilities, communication and computational re-
sources are made more easily available and accessible. This, in
turn, can enhance the ability of mIoT devices in the network to
return computational results much more quickly, thus helping
to improve the network's decision‐making and action‐taking
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processes. Furthermore, edge computing can promote a new
round of technological revolution for the mIoT and other
similar xG networks with computation‐hungry and delay‐
intensive applications whose QoS requirements cannot be
guaranteed by present, prevailing 5G networks. For such ap-
plications, high computational capacity is crucial, especially in
use cases that employ computationally demanding high‐level
algorithms [4]. Such algorithmic requirements are indispens-
able in real‐time autonomous missions such as in mobile ro-
bots and autonomous driving.

Current 5G networks pose a performance bottleneck to
the higher energy demands and transmission rates of emerging
xG applications (for instance, the mIoT being considered in
this paper). This makes it imperative to develop appropriate
power management models and solutions for beyond 5G
(B5G) mIoT networks using edge computing capabilities. That
is the goal this paper intends to achieve. To achieve the goal, in
the paper, an adaptive power management model is investi-
gated in a 6G‐inspired mIoT environment using a quasi‐finite
horizon edge platform. The resulting power management
problem is developed as an optimisation problem and solved
using appropriate tools to achieve the desired accuracy and
latency demands of the mIoT and other similar B5G network
applications.

The organisation of the rest of this paper is briefly
described. Section 2 provides a review of recent and relevant
literature to establish the important body of work. Section 3
explains the proposed system model. Section 4 discusses the
mathematical formulation of the problem. Section 5 presents
the proposed online adaptive power management algorithm.
Section 6 provides the evaluation results and discussions.
Lastly, Section 7 gives the concluding remarks. A list of the
acronyms and notations used in this paper is provided in
Table 1.

2 | LITERATURE REVIEW AND
RESEARCH MOTIVATION

The MEC paradigm has brought novel computing offloading‐
intensive capabilities that promise dramatic latency reduction
in modern and emerging xG technologies and applications.
However, state‐of‐the‐art MEC algorithms tend to have high
computational complexity and demand. MEC's high compu-
tational demand may be a huge bottleneck for emerging B5G
technologies with hopes of achieving extremely impressive
speeds, low latency, massive throughput, etc. Recent ongoing
research works are directed towards developing appropriate
MEC‐based models and solutions for B5G networks and ap-
plications. From recent works, it is clear that the tools of
optimisation and artificial intelligence (AI) are among the most
potent tools employed to achieve desirable performance ex-
pectations with outstanding learning and prediction capabilities
in MEC‐based IoT and other emerging xG networks.

In ref. [5], a bald eagle search (BES) algorithm was pro-
posed to reduce the high computational complexity of the
deep learning approaches employed shorten the latency and

minimise the energy consumed in an MEC‐enabled IoT
network. Previous BES algorithms employed three stages in
the decision‐making process, namely (i) select, (ii) search, and
(iii) swooping stages. To achieve better performance than
previous BES algorithms, the proposed approach introduced
an estimation stage to select better resources and edge systems.
In this way, devices could offload the most appropriate IoT
tasks to the edge servers, minimising the expected time
execution. Based on multi‐user offloading, the authors then
proposed a BES optimisation algorithm which they claimed
effectively reduced the end‐to‐end time, thereby achieving
near‐optimal solutions for the IoT devices in the network.

To improve the service supply capability of wireless sensor
network (WSN)‐assisted IoT applications, the authors in ref.
[6] proposed a system that integrates MEC technology,
simultaneous wireless information, and power transfer

TABLE 1 List of acronyms.

Acronym and
notations Description

5 G/6 G Fifth generation/sixth generation

AI Artificial intelligence

ANN Artificial neural network

B5G Beyond fifth generation

BES Bald eagle search

BPNN Belief propagation neural network

CMDP Constrained Markov decision process

CPU Central processing unit

ETSI European Telecommunications Standards
Institute

gNB Generation NodeB or just gNodeB

IoT/mIoT Internet‐of‐Things/massive Internet‐of‐Things

MDP Markov decision processes

MEC Multi‐access edge computing

NFV Network function virtualisation

NICs Network interface controllers

OFDMA Orthogonal frequency division multiple access

QoE Quality of experience

QoS Quality of service

RMSE Root mean‐squared error

SFC Service function chaining

SINR Signal‐to‐interference‐plus‐noise ratio

VLAN Virtual local area network

VM Virtual machine

VNFs Virtualised network functions

WSN Wireless sensor networks

xG Next generation
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technology. A novel optimisation problem was formulated to
minimise the total system energy consumption under the
constraints of data transmission rate and transmitting power
requirements. The optimisation problem jointly considered
power allocation, central processing unit (CPU) frequency,
offloading weight factor, and energy harvest weight factor.
Since the problem was non‐convex, a novel alternate group
iteration optimisation algorithm was proposed to decompose
the original problem into three subproblems. Each sub‐
problem was alternately optimised using the group interior
point iterative algorithm. The numerical results obtained
showed that the energy consumption of the proposed
approach was lower than that of the benchmark algorithms.

The authors in ref. [7] studied the impact of the behav-
ioural characteristics of users and MEC server pricing policy to
determine their optimal offloading strategies. Here, prospect
theory concepts were exploited to reflect the subjectivity and
satisfaction of users from the data offloading system. The
probability of failure of the MEC servers to potential over‐
exploitation was modelled via the theory of tragedy of the
commons. A multi‐leader multi‐follower Stackelberg game was
formulated among the users and the MEC servers to deter-
mine optimal pricing policies and offloading strategies. Data
offloading decision‐making for users was formulated as a non‐
cooperative game among the users and a Nash equilibrium was
determined. The evaluation results demonstrated the superi-
ority of the proposed framework against other benchmark
alternatives.

In ref. [8], the authors proposed an efficient solution for
multiple data collection tasks in an MEC‐enabled WSN envi-
ronment being used for smart agriculture. The WSN setup in
the agricultural space is quite similar to the IoT network setup.
For the model [8], edge servers were deployed around the
WSN nodes, which then provided computing services for the
network. The model developed a WSN framework through
which different tasks could be completed at a lower data
collection time. This was achieved by selecting the most
appropriate WSN node among the available nodes in the
network. The node selection was carried out by dynamically
configuring the sensor nodes to accomplish the set tasks while
keeping within a set time frame. By employing classical opti-
misation tools, the developed model was shown to process a
higher volume of valid data at a much lower data collection
time.

The works reviewed (and other similar works in the liter-
ature) have shown the importance of optimisation and AI as
modern tools for driving MEC capabilities in xG networks.
However, the concept and use of containerisation and virtu-
alisation in achieving MEC capabilities in such networks is still
very scarcely explored in the literature. Containerisation deals
more with software or operating system‐level virtualisation,
while virtualisation broadly refers more to hardware virtuali-
sation, such as the use of virtual machines (VMs). Particularly
for MEC‐based 6G‐inspired networks, there are a few works in
the literature that have explored the concept of virtualisation
and/or containerisation. Some works on this subject are briefly
reviewed in this Section.

In ref. [9], the authors explored container virtualisation
technology as a promising tool for achieving the kind of
flexibility required in operations, service demands, resource
management etc. of 6G and other B5G networks. The authors
explained that for packets to be delivered on time, several
network functions have to be deployed close to the mobile
device. Virtualisation makes it possible for mobile devices with
computational resource capabilities to automatically deploy and
run Virtual Network Functions (VNFs) to achieve such high‐
level packet delivery expectations. The authors then studied
and recommended some existing technologies suitable for
applying Network Function Virtualisation (NFV) for 5G core
network functions in the industrial environments space.

The authors in ref. [10] proposed a virtualised open‐source
MEC (OS‐MEC) scheme for application in B5G networks.
The scheme was built on the key principles of network
decoupling and reconfiguration. A service‐based MEC layer
was developed for the OS‐MEC scheme to achieve the
decoupling or decomposition. The layer was able to decouple
the tightly coupled service functions into multiple independent
network functions. The authors then employed the concepts of
the templates and instances to reassemble the disaggregated
NFs and to reallocate the necessary resources in order to
provide customised services for users. Some use cases were
presented to validate the flexibility and customisation of the
test network.

In ref. [11], the authors studied VNF migration and service
function chaining reconfiguration problems in dynamic NFV‐
enabled xG networks, with particular applications in 6G net-
works. In the work, the authors formulated the VNF migration
problem as an optimisation model to minimise the end‐to‐end
delay of all influenced SFCs while guaranteeing network load
balance after migration. Then, a deep learning‐based two‐stage
algorithm was designed to solve the VNF migration problem.
By combining previous experimental data, realistic VNF traffic
patterns were generated and used to evaluate the algorithm.
The results obtained showed that a much more load‐balanced
network was realised.

The works in refs. [12, 13] and a few others have estab-
lished some of the advantages of using containerisation over
VMs in MEC‐enabled networks. Some of the most important
benefits of the use of containers that have been identified
include portability, platform independence, resource savings,
scalability, and higher productivity. Although container‐based
virtualisation technologies significantly increase application
availability, in comparison with VMs, however, containers
suffer from expensive communication overhead and resource
use imbalances. Furthermore, there are still some problematic
aspects when containerised edge systems are designed to
provide real‐time support, especially the aspects of high latency
(or migration delays), anomaly detection (or security implica-
tions), and automated monitoring and control (or deployment
issues), among others. The works mentioned provided some
possible solutions to these containerisation challenges. The
work in ref. [12] developed some joint task containerisation
and container placement methods to reduce communication
overhead and balance multi‐type computing resource
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utilisation, while [13] employed deep reinforcement learning to
reduce communication overhead, improve energy consump-
tion, and latency expectations. In other words, although there
are some identified challenges, containerised MEC still pro-
vides better solutions compared to VM‐based MEC, as recent
works (such as [12, 13]) have already demonstrated and re-
ported. Interestingly, a lot more work is still being done in this
regard.

The works reviewed so far have presented the state‐of‐the‐
art in the development of virtualisation and the application of
AI‐driven solutions in emerging MEC‐based xG networks.
From the reviewed works, we note that there are still some
research gaps as several important aspects and considerations
in practical MEC‐based B5G networks still need to be
addressed. For example, due to the fast data exchange demands
in B5G networks, the behaviour of an edge server can change
rapidly in a very short time. It is therefore paramount that each
edge system is monitored to gain a certain level of stability and
reliability, which is still a research area that needs more atten-
tion. Furthermore, the aspect of energy or power management
in edge computing has yet to be adequately addressed, espe-
cially in B5G networks such as the 6G‐inspired mIoT appli-
cations that are considered in this paper. Then, the increasing
deployment of IoT devices and applications continues to result
in data explosion and processing energy insufficiency, which
are among the most pervasive challenges facing edge
computing to date. The main motivation for this research work
is the development and use of AI‐based prediction and control
for energy or power management on 6G edge platforms.

To apply AI‐based prediction and control, the paper pro-
poses adaptive power management using predictive control
techniques to provide a cost‐effective strategy capable of
monitoring the energy consumption of the edge platform.
Firstly, a containerised edge computing platform for mIoT
applications is developed and the power management problem
is formulated as a CPU energy consumption cost function.
Thereafter, quasi‐finite system observations are applied to
introduce predictive capabilities for a look‐ahead technique
that performs forecast operations over a quasi‐finite horizon
edge platform. An adaptive controller is used to schedule
computational resources on a time‐slot basis using a search
heuristic and Lyapunov technique.

The technique proposed in this work is evaluated in terms
of welfare gain, server response rate, and energy consumption
and shows better performance against a competitive baseline
algorithm. The welfare gain, defined as a function of the
network's performance with an increasing number of IoT
devices is used as a measure of the quality of experience
(QoE) of users in the network. The algorithm used as the
baseline for this work is the one presented in ref. [14]. The
baseline algorithm is developed using the standard from the
European Telecommunications Standards Institute (ETSI)
[15] to provide a mobile resource‐sharing framework that
employs mobile edge servers to achieve cost‐effective
deployment of 6G edge computing, thereby enabling edge
resource sharing for massive IoT devices. Since our devel-
oped model also follows the ETSI standard, it is therefore

easy to implement using established container orchestration
frameworks (such as Docker and Kubernetes) without diffi-
culty. In addition, the developed model is scalable, feasible
under fluctuating loads, and can perform relatively well across
different networks and/or network conditions or constraints.
This is because of the predictive capabilities of the solution
model employed. Also, the adaptive power management
scheme implemented helps the network achieve improved
energy consumption and service overhead. Overall, the pro-
posed algorithm gives better performance over the baseline
even with a lower value of CPU frequency in the 6G mIoT
network.

3 | PROPOSED SYSTEM MODEL

The system model in consideration is described in Figure 1.
The system model is a single‐cell scenario of a 6G‐inspired
mIoT network. In the model, the gNodeB (gNB) is equip-
ped with an edge server and serves a set K ¼ f1; 2;…;Kg
of mIoT devices. The edge architecture consists of a
configured virtual local area network (VLAN), where the gNB
is connected to the edge server using a high‐speed fibre‐
based fronthaul connection [16]. As shown in the system
model in Figure 1, each mIoT device may process its tasks by
the local CPU or offload them to the MEC server. Such a
decision is influenced by the computational power required to
carry out the tasks. The possible interaction between the
MEC server and each local IoT device is described on the
right‐hand side of Figure 1. In line with the ETSI proposed
MEC deployment scenarios, the network is made up of a
reconfigurable platform and a related switched VLAN with
network interface controllers connected to it. It is assumed
that each mIoT device aims to maximise its processing ca-
pacity by taking advantage of the CPU and radiofrequency
(RF) modules under power and subcarrier constraints.
Therefore, the total battery power available in each mIoT
device is assigned to a local CPU, which uses RF modules to
determine and conduct its operations.

F I GURE 1 Multi‐user edge computing applicable in the massive
Internet of Things network. Arrows indicate the direction of data flow.

4 of 13 - AWOYEMI and MAHARAJ



3.1 | The mIoT devices

In terms of local processing, each mIoT device consists of a
local processing queue and an intelligent computational agent.
The decision‐making process of the local CPU is described in
Figure 2. In Figure 1, the role of the controller, which is hosted
as an application, is to schedule arriving computational tasks,
which are then processed locally or by offloading them to the
edge server. The local CPU is characterised by a computational
frequency f η

k;cpu, with a frequency upper bound of fk;max. Here,
the value η ≥ 2 is a constant determined by the architecture of
the CPU core. Also, the effective capacitance of the chip is
represented as ψk > 0 [16].

3.2 | The edge server

If the controller schedules a computational task to be pro-
cessed at the edge server, the corresponding task is off-
loaded via a wireless link. It is assumed that the MEC
system adopts orthogonal frequency division multiple access
(OFDMA) with a set N ¼ f1; 2;…;Ng of orthogonal
subcarriers. For ease of exposition, it is assumed that both
the mIoT devices and the gNB are equipped with a single
antenna and communication between them is characterised
by a signal‐to‐interference‐plus‐noise ratio, γn;kðtÞ. The off-
loaded tasks reach the virtual switch/router gateway at the
rate rn;kðp; tÞ, where p represents the vector of possible
transmission powers for the K independent offloading links.
Arriving tasks are stored in a processing queue of length Qin
as shown in Figure 3 [17].

The edge platform shown in Figure 3 consists of an input
queue, which is an arrival queue of size Qin; and an output
queue, which is a return queue of size Qout; a dynamic VM
manager and task scheduler. It is assumed that the edge server
hosts a set C ¼ f1; 2;…;Cg of worker agents called con-
tainers, which are allocated to tasks on demand. The hosted
controller is responsible for assigning containers to admitted
tasks for processing in terms of VNFs [18]. Control actions
ςðtÞ determine the required processing frequency fn;cðtÞ,
which is determined through the virtualised switch by assigning
a load‐dependent factor βcðtÞ.

4 | MATHEMATICAL PROBLEM
FORMULATION

In this section, the mathematical formulation of the 6G‐
inspired mIoT network model is presented and analysed.

4.1 | Local computation model

In the 6G‐inspired mIoT network model in consideration, task
arrival at the kth mIoT device is considered an event that
initiates a scheduling decision on whether the task will be
executed locally or remotely. If the decision is for local
execution, the local computational power can be modelled as
follows:

pkðtÞ ¼ f η
k;cpu; ð1Þ

where f η
k;cpu In terms of local computation, the local CPU is

characterised by a computational frequency f η
k;cpu, with a fre-

quency upper bound of fk;max. For simplicity and ease of
exposition, the value η ≥ 2 is assigned as a constant that is
determined by the architecture of the CPU core. Also, the
effective capacitance of the chip is represented as ψk > 0 [16].

4.2 | The communication model

It is assumed that the kth device generates computational
tasks at the application layer, and they arrive at the
network layer according to a Poisson distribution with
arrival rate λkðtÞ [19]. This is an event that is assumed to
initiate an in‐device decision on whether the arrived task
will be processed locally or offloaded to the edge server. If
the decision is for the computational task to be executed
locally, the local computational power can be modelled as
follows:

F I GURE 2 Device‐level computation and local decision‐making.

F I GURE 3 Configuration of the MEC server. The solid lines
represent bidirectional data flows, while the broken lines indicate
bidirectional control actions. MEC, multiaccess edge computing.
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plocalk;cpuðtÞ ¼ f η
k;cpuψk: ð2Þ

The execution time for the task can be defined as follows:

τlocalk;cpu ¼
bkck
fk;cpu

; ð3Þ

where bk is the size of the computational task, and ck is the
number of CPU cycles required to process a single byte. From
the power consumption defined in ref. [13], the energy con-
sumption for local processing can be expressed as follows:

elocalk;cpu ¼ κ ⋅ f 3k;cpu ⋅ τlocalk;cpu; ð4Þ

where κ > 0 is a constant representing the energy consumption
due to background data.

4.3 | Computational task offloading

If the kth device offloads the computational task remotely (that
is, at the edge server), offloading takes place over the wireless
link. It is assumed that the receiving nth gNB adopts an
OFDMA scheme to allow multiple simultaneous reception of
the K independent offloading links. Therefore, letting B
represent the bandwidth of the system, the transmission rate
between the kth mIoT device and the nth gNB can be rep-
resented as follows:

rn;kðtÞ ¼ Blog2 1þ
pn;kðtÞgn;kðtÞ
IkʹðtÞ þ N0

� �

; ð5Þ

where pn;kðtÞ is the transmission power, gn;kðtÞ represents the
channel gain, the term IkʹðtÞ represents the interference
caused by simultaneous IoT transmissions excluding the kth
device given as follows:

I kʹðtÞ ¼
X

kʹ2Knfkg
gkðtÞpn;kʹðtÞ: ð6Þ

Finally, the term N0 is the power of the white Gaussian
noise. Assuming, for ease of exposition, that all mIoT devices
are subjected to similar channel conditions, the transmission
rate rn;kðtÞ in Equation (5) and the task size dk can be used to
define the task offloading latency as follows:

τcomm
k;mec ¼

1
rk;nðtÞ
dk

− λkðtÞ
; ð7Þ

where the quotient rk;nðtÞ
dk

represents the number of computa-
tional tasks that can be offloaded from each vehicle through
the wireless channel per unit of time. The transmission queue
in each vehicle is assumed to be an M=M=1 queue and to
guarantee queue stability, the condition λkðtÞ < rk;nðtÞ

dk
must be

satisfied. Therefore, the offloading energy consumption can be
defined as follows:

en;kðtÞ ¼ pn;kðtÞ ⋅ τcomm
k;mec ; ð8Þ

where pn;kðtÞ is the transmission power defined in Equa-
tion (5). In the edge computing system, the time delay is
affected by the load, Equation (7) agrees to flow theory, and its
probability distribution follows the Pareto model [20]. So, the
evaluation of the computation latency at the edge server can be
done by taking into account the number of tasks waiting in the
queue and the number of retrials for successful task execution.
Therefore, since the average queueing delay can be derived
based on Little's Law [21], the task computation delay can be
expressed as follows:

τcomp
n;mec ¼

1
ϑn

1

f mec
n;cpu − rnðn; p; tÞ

� �

0

@

1

A ð9Þ

where ϑn represents the reliability that a computational task
can be executed successfully by the MEC.

According to the Binomial distribution, the expectation of
the number of retrying for one successful execution is 1

ϑ. The
expression rnðn; p; tÞ represents the task offloading rate, taking
into account the vehicle‐gNB association variable and the set
of transmission powers p; and f mec

n;cpu is the computational
capability of the CPU processor. The computational power
consumption of the MEC can be expressed as follows:

pmec
n;cpuðtÞ ¼ f mec

n;cpu ⋅ ψn;cpu; ð10Þ

and the corresponding energy consumption for task comple-
tion at the MEC server is expressed as follows:

emec
n;cpu ¼ κ ⋅ f 3n;cpu ⋅ τmec

n;cpu; ð11Þ

where κ is as defined in Equation (4).

4.4 | Formulating the constrained problem

To ensure system stability, the stability of each queue must be
monitored using the queue state, which is monitored by the
scheduling controller. With the communication rate rnðn; p; tÞ
being the arrival rate at the computational queue of the MEC
server, the evolution of the queue with t can be defined as
follows:

qnðt þ 1Þ ¼max qnðtÞ þ rnðn; p; tÞ − f mec
n;cpuðtþ 1Þ;Qin

n o
;

ð12Þ

where qnðt þ 1Þ is the queue length at the upcoming slot,
qnðtÞ is the current queue length, f mec

n;cpu 2 f mec
min ; f

mec
max

� �
is the

server's computation capability (in CPU cycles/sec), and Qin is
the length of the incoming queue as shown in Figure 3 [22].
Therefore, the processing time is determined by the data
transmission time and the execution time in the edge servers,
the overall processing delay can be defined as follows:
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τtotaldelay ¼ τlocalk;cpu þ τcomm
k;mec þ τcomp

n;mec

n o
≤ τ*; ð13Þ

where τ* is the maximum tolerable latency for result return.

4.5 | Formulating a constrained Markov
decision process

In use cases where system reliability and time‐critical respon-
siveness are the main concerns, better equipment control is
required for fault‐free running and decision‐making. Since
control schemes are formulated better using Markov decision
processes [23], a constrained Markov decision process (CMDP)
is adopted for the adaptive power management for the quasi‐
finite horizon edge platform.

4.5.1 | The state space

Contrary to traditional reinforcement learning strategies, where
the state space is explicitly defined based on the set of possible
states that an agent can be in, in constrained optimisation
reinforcement learning, safety is a major concern. Most of the
algorithms under CMDP do not consider safety as a concern,
which can be a huge challenge for safety‐critical IoT use cases
supported by the edge. Therefore, enforcing state‐wise con-
straints for challenging environments such as mIoT is essential.
The state space of the edge server can be defined as follows:

sðtÞ ≜ rn;kðp; n; tÞ; qðtÞ; cðtÞ
� �

; ∀ t 2 T ð14Þ

where T represents the duration over which the system is
being observed. It must be noted that all the state components
in the state space change with time. More importantly, the
number of available computational resources cðtÞ tends to
change rapidly and this needs to be precisely known a priori so
that the task offloading rate can be adjusted accordingly.
Therefore, an algorithm that will enhance responsiveness to
sudden state changes must be applied in such edge computing
scenarios.

4.5.2 | The action space and control actions

Edge servers with extremely high computational intensity are
required, so the action space of the edge server needs to be
designed using its real‐time running parameters. In this way, a
static policy that cannot adapt to system changes may not be
good for real‐time decision‐making. Therefore, the action
space has to be composed of control actions. In control sys-
tems theory, control actions are informed by the objective
variables, υðtÞ, which is a sequence of control signals that
define the desired behaviour of the processor [24]. Therefore,
the action space can be represented as follows:

aðtÞ ≜ fυðtÞg; ∀ sðtÞ 2 S ð15Þ

which, with reference to Figure 3, includes taking appropriate
decisions on the objective variables such as the server pro-
cessing rate, f mec

n;cpu, to yield a desired computational
throughput, ζmec

n;cpuðtÞ. After the action aðtÞ has been taken, the
system migrates to the next state sðt þ 1Þ, which is the new
operational state defined as follows:

sðtþ 1Þ ≜ ϕðsðtÞ; υðtÞÞ; ð16Þ

where the parameter ϕð⋅Þ represents the control input vector
that captures the behaviour of the edge system by monitoring
the trajectory of the relationship between the current state sðtÞ
and the control action υðtÞ.

Since the status of the computational queue qðtÞ and the
number of available computational resources cðtÞ are directly
linked to the decision on the processing rate f mec

n;cpu, the power
consumption is a direct consequence of the behaviour of the
system at that instance. So, if x̂ðtÞ is defined as the power
management state of the edge server, the power consumption
of the edge computing platform can be represented as fol-
lows [25]:

pð½qðtÞ; cðtÞ�; υðtÞÞ ¼ pproc; if x̂¼ 1; υ¼ 1
pidle; if x̂¼ 0; υ¼ 0

�

; ð17Þ

where as previously defined, υ is the power management ac-
tion, which is a finite state model consisting of two operational
power levels defining server status, that is, on ¼ 1 and
off ¼ 0. The computation of offloaded tasks at the edge
server is with respect to the processing rate f mec

n;cpu. Therefore, if
the network behaviour is x̂ ¼ 1, the edge server is in active
mode and is actively processing offloaded tasks, and according
to Equation (17) υ ¼ 1. For the server to positively contribute
to the QoS, it must prevent packet losses, and minimise
queueing delays, which will subsequently prevent buffer over-
flows. So, to ensure maximum QoS, the cost function of the
computation queue is defined as a function of the network
state sðtÞ and the power management action is as follows:

~qðsðtÞ; υðtÞÞ¼
X∞

λ¼0

Xz

f¼0

prðrÞpζ* ζ*js; r
� �

ζ̂ þ ς*max ζ̂ þ r − Qin; 0
� �n o

:

ð18Þ

where the arrival distribution of offloaded tasks is defined
using the offloading rate rnðn; p; tÞ as prðrÞ, and the goodput
distribution is defined as pζ* ζ*j⋅; ⋅

� �
[26], ζ̂ ¼ q − ζ*

� �
is the

holding cost with respect to task arrival rate and processing
rate, and Qin is the length of the input queue.

Following Equation (17), the reward of the system is
designed based on minimising queueing delays and power
consumption. Therefore, the compute‐dependent power con-
sumption is defined as follows [27]:

PcompðυðtÞ; βðtÞÞ ¼ βðtÞ ⋅ f 3n;cpu; ð19Þ
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where the parameter βðtÞ denotes the slope of the trajectory
that quantifies the load‐dependent power consumption based
on arrived tasks. The compute‐dependent power consumption
Equation (19) translates to the corresponding energy con-
sumption as follows:

EcompðυðtÞ; βðtÞÞ ¼ EcpuðtÞ þ EswðtÞ; ð20Þ

where EcpuðtÞ is the energy consumption caused by CPU uti-
lisation. Since the containers are instantiated on top of CPU
cores, each container processes the currently allocated task by
managing its local computing resources.

4.6 | Formulating the optimisation problem

Since the power management objective is to minimise power
cost subject to delay constraints, latency minimisation becomes
the main objective of the proposed strategy by default, ful-
filling the time constraint τmax. Therefore, the objective of
minimising the power costs can be represented as that of
minimising the MEC energy consumption due to CPU pro-
cessing in Equation (23) and can be defined as follows:

P : argminΩ
X

t2T

EcpuðυðtÞ; βðtÞÞ; ð21Þ

subject to

C1 : δk;nðtÞ 2 f0; 1g;

C2 : r0 ≤ rn;kðp; n; tÞ ≤ rmax;

C3 : f0 ≤ fn;cðtÞ ≤ fmax;

C4 : χn;cðtÞ ≤ Δ;

C5 : rðtÞ ≤ rmax;

C6 : max 2ζcðtÞf g þ Δ ≤ τ*max;

ð22Þ

where Ω ≜ fκ; βðtÞ;g denote the objective decision variables
that need to be configured at each time slot t of the finite
system observation horizon T . The constraint C1 is the hard
constraint, which is a binary decision variable as defined in
Equation (13). The constraint C2 bounds the maximum task
arrivals at the MEC server, noting the size of the incoming
queue, Qin, and the fact that in practical applications the
maximum per‐container computation load is limited by rmax.
The constraint C3 bounds the maximum processing rate per
CPU considering that container provisioning and workload
allocation is governed by fn;cðtÞ ≜ rn;kðp:n; tÞ=Δ, where Δ is
the server response time. Then, constraint C4 presents a hard
limit on the per‐slot and per‐container processing time, which
guarantees that containers execute the assigned tasks within Δ
seconds. The constraint C5 bounds the aggregate communi-
cation rate sustainable by the VLAN to rmax, and since the two‐
way communication and server response time define the upper

bound on processing time. Here, it is assumed that the size of
the vectors remains constant throughout the time slot. Lastly,
constraint C6 forces the processing rate, ζcðtÞ, and the server
response time Δ not to exceed the maximum predefined
communication‐plus‐computation time τmax.

Considering EcpuðtÞ to be related to the number of con-
tainers running at time slot t, the CPU frequency allocated to
each container can be obtained using a linear relationship be-
tween CPU utilisation and the energy consumed as follows:

EcpuðtÞ ¼
XCðtÞ

c¼1
EdynðtÞ ¼

XCðtÞ

c¼1
βðtÞ EmaxðtÞ − EidleðtÞð Þ; ð23Þ

where EdynðtÞ is the dynamic energy component of each

container c, with the load‐dependent factor βðtÞ ¼ fn;cðtÞ
fmaxðtÞ

� �2
,

and EmaxðtÞ is the maximum energy that can be consumed by
container c. The term EswðtÞ from Equation (20) is the energy
consumed while changing processing rates, which depends on
the absolute gap in the processing rates as follows:

EswðtÞ ¼
XN

n¼1
κe fn;cðt þ 1Þ − fn;cðtÞ
� �2

; ð24Þ

where the parameter κe is the per‐container reconfiguration
cost caused by a unit size frequency switching.

5 | PROPOSED POWER MANAGEMENT
ALGORITHM

For the proposed power management algorithm, it is
assumed that the stability of the worst‐case queue in terms of
size and server response times is guaranteed. From constraint
C4, it must be noted that the workload allocated to container
c, that is, rn;kðp; n; tÞ, and the processing frequency, fn;cðtÞ
will yield the desired processing time of χn;cðtÞ. So, a cost‐
effective strategy for minimising the cost function in Equa-
tion (21) is crucial. However, due to the existence of Equa-
tion (18) and constraint C6, Equation (21) is a non‐convex
optimisation problem and the use of convex optimisation
to solve the problem is difficult. Even if it were possible to
employ convex optimisation approaches, it would be very
computationally demanding and impracticable to implement
in real‐life scenarios. Thus, the use of reinforcement learning
solutions with predictive capabilities significantly reduces the
computational demand. The solutions provided are near‐
optimal, hence, optimality is not sacrificed. According to
constraint C6, the system has to maximise the two‐way
communication while minimising the round‐trip latency,
which makes Equation (21) NP‐hard. To satisfy the delay
constraint τmax, a reliable link between the scheduler and the
server operating at transmission rate rn;kðtÞ (bits/sec) and
processing rate fn;cðtÞ are respectively assumed. To enhance
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the feasibility of this problem with QoS guarantees, con-
straints C2 and C4 must hold—taking into account that the
maximum per‐slot communication rate is rmax. The random
queueing delays at the input and output queues together with
the server computation time give the overall processing delay
in Equation (13), and the cost function in Equation (18) is
the QoS guarantee that is reported to the scheduler. There-
fore, the energy consumed in sustaining the two‐way
communication can be defined as follows:

EcommðυðtÞ; ζðtÞÞ ¼ 2
XN

n¼1
Pn;k rn;kðtÞ

� �
⋅ ζn;cðtÞ; ð25Þ

where the power‐rate function Pn;k rn;kðtÞ
� �

can be expressed
as follows:

Pn;k rn;kðtÞ
� �

¼ Sn;k 2rn;kðtÞ=BðtÞ − 1
� �

; ð26Þ

which is the Shannon–Hartley exponential discussed in ref.
[28], in which case Sn;k ¼

BðtÞ⋅N0
gn;k

, BðtÞ is the link bandwidth as

defined in Equation (5), and the server processing

rate ζn;cðtÞ ¼
rn;kðp;n;tÞ

fn;cðtÞ
.

The likely correlation between the workload and energy
consumption is required in deriving the adaptive power man-
agement scheme. Here, estimates of the server response time
and energy consumption will be used in estimating the server
processing rate for the next time slot. Let Δt < t be the
smallest possible step size through which the system is
monitored. Based on an initial behaviour estimate x̂ðtÞ Equa-
tion (17), the adaptive controller explores possibilities of an
appropriate decision υ. It does this by creating a tree of depth
T which it traverses in steps of size Δt until it arrives at op-
timum values for the next time slot t þ 1. This is described as
follows:

x̂ðt þ 1Þ ≜ ω̂ðt þ ΔtÞ; Êðtþ ΔtÞ
� �

; ð27Þ

where ω̂ðt þ 1Þ is the server response time, and Êðt þ 1Þ is
the energy consumption, which is used to predict the next
processing rate. The problem can also be solved by using the
cost function Equation (21), which can be solved by adopting
the solution from ref. [27]. Therefore, if xðt þ ΔtÞ is the actual
estimate that coincide with control actions aðt þ ΔtÞ 2 υðtÞ,
then Jðxðt þ ΔTÞÞ is the optimal cost that is obtained by
solving Equation (21) based on the new current estimate
xðt þ ΔTÞ, provided that the current cost function has
decreased. Then, the condition to determine the next step is
obtained by checking if the current cost function, that is, the
optimal cost, has indeed decreased. A Lyapunov candidate [29]
is used to check if the current cost function is guaranteed to
decrease or not as follows [27]:

Jðxðt þ ΔTÞÞ − JðxðtÞÞ < 0: ð28Þ

It was proven in ref. [28] that the stability of Equation (28)
could be achieved using

Ĵ x̂ðt þ ΔTÞð Þ − ĴðxðtÞÞ ≤ −
Z tþΔT

t
ϕ x̂ðsÞ; ûðsÞð Þds; ð29Þ

where Ĵ x̂ðt þ ΔTÞð Þ is the optimal cost obtained when the
state estimate at t þ ΔT is x̂ðt þ ΔTÞ. This means that the
optimal cost is guaranteed to decrease if the actual state follows
the optimal state trajectory xðsÞ ¼ x̂ðsÞ for s 2 ½t; t þ ΔT �.
Therefore, from Equation (29), the following result is
obtained:

Ĵ x̂ðt þ ΔTÞð Þ − ĴðxðtÞÞ ≤ Ĵðxðtþ ΔTÞÞ

− Ĵ x̂ðtþ ΔTÞð Þ −
Z tþΔT

t
ϕ x̂ðsÞ; âðsÞð Þds;

ð30Þ

where ϕ x̂ðsÞ; ûðsÞð Þ, as defined in Equation (16), is only known
at the instant the solution of Equation (21) is obtained. Once
Equation (21) is solved, the control action ςðtÞ ≜ ðυðtÞ; ζðtÞÞ is
obtained and will be applied in the next time slot t þ 1. Then,
a system state vector, x̂ðtÞ ¼ ðcðtÞ;EðtÞÞ, that contains the
available number of containers cðtÞ and the current energy
consumption EðtÞ, determines the decision vector
ςðtÞ ≜ ðυðtÞ; ζðtÞÞ—as shown in Figure 3. This guarantees
system stability in terms of the worst‐case queue length and
server response times. Hence, the estimates of the response
time and energy consumption can be used to estimate the
server processing rate for the next time slot.

The adaptive controller explores the prediction horizon
defined by T which comprises discrete states. The server
response time for workload arriving during the interval
½t; t þ 1� can be estimated as follows:

ω̂ðt þ 1Þ ¼ 1þ q̂ðt þ 1Þð Þ ⋅ τ̂ðt þ 1Þ; ð31Þ

where q̂ðt þ 1Þ is the estimated queue length given as follows:

q̂ðt þ 1Þ ¼ qðtÞ þ λ̂ðt þ 1Þ −
βðtþ 1Þ
τ̂ðt þ 1Þ

� �

; ð32Þ

where τ̂ðt þ 1Þ is the estimated processing time given as
follows:

τ̂ðt þ 1Þ ≜ γ ⋅ τðtÞ þ ð1 − γÞ ⋅ τ̂ðtÞ; ð33Þ

where τðtÞ is the actual processing time, and γ is a smoothing
constant. Therefore, for an estimated processing rate of
fn;cðt þ 1Þ, the estimated energy consumed by the processor
can be given as follows:

Êðt þ 1Þ ≜ β2ðt þ 1Þ; where βðt þ 1Þ ¼
fn;cðt þ 1Þ

fmax
;

ð34Þ
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which is the energy drained based on the pressure of the task
completion time at the MEC server.

In describing the algorithm, we recall that the model
described in Figure 1 brings together an orchestration of
complex cyber‐physical components for future mIoT. The
combination of these aspects in a distributed edge
computing environment gives rise to the need for live
migration of multiple computational resources in parallel.
This requires an intelligent and dynamic algorithm to
perform smart allocation of resources on demand. Migrating
containers from the controller to the different edge sites is
shown in Figure 4.

In each time slot t, when the controller C receives work-
load information from the edge sites, it goes through these
processes:

� Populate system state information and initialise parameters.
The current system state consists of the initial estimate x̂ðtÞ
and the container arrival rate λcðtÞ.

� Receive load‐based information from the edge servers.
� Obtain the input vector that will drive the behaviour of the

edge server in the auto‐scaling and reconfiguration of
containers.

� Launch container images, on‐demand, as specific functions
to execute the specific tasks at the edge sites.

� Recall container images from the respective edge sites to the
controller.

The procedure for the proposed algorithm is outlined in
Algorithm 1.

Algorithm 1 Proposed edge system management
algorithm.

Input: Initial estimate, x̂ðtÞ; Task
arrival rate, λcðtÞ;

Initial state, sðtÞ.
Output: Control input vector, ϕ*

01: For each t in observation horizon of
depth T do
02: Initialise next state as sðt þ 1Þ ¼ ∅
03: Use λcðtÞ to forecast task arrival

rate ^λcðt þ 1Þ
04: For each estimate x̂ðtÞ 2 sðtÞ do
05: Generate all valid states such that
sðt þ 1Þ¼
06: sðt þ 1Þ [ x̂ðt þ 1Þf g

07: End For

6 | EXPERIMENTAL SETUP AND
EVALUATION

The geographical space in the 6G‐inspired mIoT network
setup has several mIoT devices randomly dispersed to share
network resources. A maximum system bandwidth of 20 MHz
is considered. The transmission power range was set as ½4; 6�
for a maximum transmission rate rmax = 1 Gpbs. A delay
upper‐bound of 40 milliseconds was set as the maximum
tolerance on latency. Also, a maximum of 10 containers was
assumed, with each container assigned to process a maximum
of 4000 MB of CPU load per time slot. Each edge site has a
maximum of K ¼ 50 offloading IoT devices, and the edge
sites are set to be 250 m apart and each site has a virtualised
MEC server with the specifications for a VMware x86 server
H262 3rd Gen CPU, set to operate at maximum CPU oper-
ating frequency fmax is 1.6 GHz. The parameters used are
selected to be able to favourably compare results obtained in
this work with similar results from the baseline algorithm
presented in ref. [14], and with other existing models, such as
the one in ref. [13].

The achievable offloading rate based on the task admission
probability is shown in Figure 5, while the average overhead
for the network is shown in Figure 6.

The proposed algorithm, in Figure 5, achieves a better
average task offloading rate and fewer overheads with respect
to the number of offloading devices than the baseline shown in
Figure 6. As the number of offloading devices increases, the
competition for admission increases, which also increases the
probability of unsuccessful task offloading. However, the
learning capability of the proposed algorithm improves the task
admission probability, resulting in a better average offloading
bit rate and lower overhead than the baseline.F I GURE 4 Container image migration from controller to edge site.
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The workload prediction at the MEC is carried out using a
belief propagation neural network (BPNN) [30]. The prediction
results are shown in Figure 7. The agent used to train the BPNN
is the Levenberg‐Marquardt algorithm [31]. The root‐mean‐
squared error [32] is used to evaluate the training performance.

The BPNN is employed to estimate traffic patterns to
predict server workload, and it has been trained using a time
series data set with hourly granularity. From the training pro-
cess, a 97.08% evaluation accuracy was achieved. From the plot
in Figure 7, the prediction error, that is, the difference between
the actual and predicted workload, is insignificant and is better
than results obtained from using other AI techniques such as
the artificial neural network. The prediction accuracy of
97.08% achieved by using the BPNN is deemed good enough
for the modelled network in consideration.

The effect of an increasing number of users on the welfare
gain is presented in Figure 8. From the plot, an almost
consistent improvement in the welfare gain can be observed.
The baseline algorithm has better gain compared to the

proposed algorithm welfare gain when 0 ≥ k ≥ 25, but at
k > 25 the proposed algorithm outperforms the baseline. This
is because when the number of users increases, the combina-
torial nature of the algorithm takes significance, and the service
is improved, hence the welfare of the users improves.

The effect of an increasing number of users on the server
response time and the welfare gain is evaluated in Figure 9. The
server response time is defined as the amount of time between
when the user makes a request and when the server responds
to the request. A better server response rate means a better
user experience. In Figure 9, the server response rate is
observed to decrease, while the welfare gain increases as the
number of users increases. This is because when the number of
users increases, the demand for computational resources also
increases, which causes the server response time to increase.
This can be interpreted as a future proactive point for
upgrading the server or performing load balancing.

The effect of an increasing number of users on energy
consumption is evaluated in Figure 10. The plot shows an

F I GURE 5 The average offloading rate and the average overhead
plotted against the number of devices for the proposed algorithm.

F I GURE 6 The average offloading rate and the average overhead
plotted against the number of devices for the baseline algorithm.

F I GURE 7 Normalised multiaccess edge computing server workload
for a period of 24 h.

F I GURE 8 Welfare gain with the number of users.
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almost linear increase in energy consumption as the number of
users increases. The energy consumption of the proposed al-
gorithm outperforms the baseline at all the stages of maximum
transmission power. This is because the increase in the number
of users increases the number of tasks offloaded to the MEC
server and this is correlated with high energy usage. As the
computational resources are used more heavily, significant
amounts of power are required to deliver service to the
increased number of users.

7 | CONCLUSION

The paper developed and investigated an adaptive power
management scheme that exploits the correlation between
workload and energy consumption to monitor the operation of
the edge platform in a 6G‐inspired mIoT network setting. The
containerised edge computing platform is employed for

achieving energy efficiency in the 6G‐inspired mIoT network.
The optimisation problem, formulated as a CPU energy con-
sumption cost function based on quasi‐finite system observa-
tions, is solved using a search heuristic and Lyapunov
technique. From the network analysis and results, it is shown
that by incorporating appropriate edge computing techniques,
the network can achieve better response times, thereby
enhancing user QoE through the computational resource‐
enriched VMs employed in the network design. Overall, the
containerised edge computing platforms utilised in the
network significantly minimise the high energy consumption
caused by high overheads in the 6G‐inspired mIoT network,
which can be applied to similar xG networks. The proposed
scheme showed better performance than a baseline algorithm
in terms of welfare gain, server response rate, and energy
consumption. Future works will include developing appro-
priate digital twin models and solutions for MEC‐enabled
mIoT and other xG networks.
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