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Abstract—5G networks will enable people and machines to
communicate at high speeds and very low latencies, in a reliable
way. This opens up opportunities for totally new usage patterns
and the fully connected Industry 4.0-enabled enterprise covering
the entire value chain from design, production, deployment,
to usage of products. 5G will be rolled out across the whole
world, including Sweden where the first 5G test network was
launched late 2018. One important new feature in 5G is the
emerging edge computing capabilities, where users can easily
offload computational tasks to the network’s edge very close to
the user. At the same time, computational tasks traditionally
performed in central nodes can be offloaded from remotely
located data centres to the network’s edge. Multi-access Edge
Computing (MEC) is a promising network architecture delivering
solutions along these lines offering a platform for applications
with requirements on low latencies and high reliability. This
paper targets this environment with a novel Belief-rule-based
(BRB) unsupervised learning algorithm for clustering helping 5G
applications to take intelligent decisions on software deployment.
The scenarios consist of different combinations of numbers
of users and connections and mobility patterns. The target
environment is built up using a three-tier structure with a
container-based solution where software components can easily
be spread around the network.

I. I NTRODUCTION
Mobile and Internet of things (IoT) devices are becoming
more popular day by day. Currently, 63% of the total world
population have mobile subscriptions. It is anticipated that
there will be one trillion IoT devices by the year 2030 [1].
Nowadays, new services like video, music, social networking,
gaming, augmented reality, autonomous driving, and many
others are becoming more popular. There is an exponential
growth of traffic data volume in the communication network
because of the unprecedented increase of mobile and IoT
devices as well as the emergence of new applications and
services. Consequently, the traditional centralized network
architecture usually implemented in a client-server fashion
is unable to cope with this new scenario, resulting in long
latencies for the various services. This phenomenon may
become crucial when it affects safety critical services such as
e-health or autonomous vehicle driving. The fifth-generation
mobile networks (5G) will enable people and machines (with
embedded devices) to communicate at high speeds and very
low latencies (<1 ms), in a reliable way. This opens up
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opportunities for totally new usage patterns and the fully
connected Industry 4.0-enabled enterprise covering the entire
value chain from design, production, deployment, to usage of
products. Being a truly global standard, 5G will be rolled out
across the whole world, including Sweden where the first 5G
test network was launched at KTH in December 2018. One
important new feature in 5G is the emerging edge computing
capabilities, where users can easily offload computational tasks
to the network’s edge very close to the user. At the same
time, computational tasks traditionally performed in central
nodes can be offloaded from remotely located data centres
to the network’s edge. Multi-access Edge Computing (MEC),
standardized by ETSI, is a promising network architecture
delivering solutions along these lines offering a platform for
applications with requirements on low latencies and high
reliability [2][3].
A plethora of research on how to offload computation
from mobile devices to MEC servers has been conducted
[4][5][6][7]. They considered various network parameters,
including latency, energy usage of devices, wireless channel allocation and MEC server resources to determine the offloading
of computation. All of them considered computational offloading from mobile devices to MEC servers and they have not
included remote cloud servers in their approaches. However,
to leverage the full strength of MEC, remote cloud servers
should also be considered for computational offloading. This
would allow less important components of the software with
high latency tolerance to be offloaded to the remote cloud
server. It is necessary to decrease the load from the MEC
server since it is usually not highly configured in terms
of memory, storage and computational power. Hence, the
different software components deployed on the MEC servers
should rather be optimally distributed across the network. This
would allow the allocation of the available resources in an
optimal way, allowing the increase of performance of the
network significantly.
The optimal distribution of software components across the
MEC environment depends upon various factors including
size of software, memory consumption, bandwidth, uplink
and downlink latency, persistence, proximity, number of cores
and many others. Some of the mentioned factors can be

measured in a quantitative way, while others can only be
described in a qualitative way. Also, most of the factors cannot
be measured with 100% certainty, for example proximity,
persistence, uplink and downlink latency due to the presence
of various kinds of uncertainty such as incompleteness, ignorance, randomness, vagueness, imprecision and ambiguity [8].
Consequently, the decision on offloading of software components either to the MEC server or to the remote cloud server
could become inaccurate. Eventually, the optimal performance
of the MEC environment would be hampered due to the
inaccurate computational offloading. None of the mentioned
research [4][5][6][7] considered this uncertainty phenomenon
of MEC environment and hence, the decision on distribution
of the software components by using these approaches should
inherently contain inaccuracy.
BRBs provide an integrated framework of addressing various types of uncertainties [9][10][11][12][13][14]. The distribution of software components at various locations, including
end-user device, MEC server and remote cloud server is an
example of an optimization problem. Therefore, the BRB
environment should be equipped with learning or training by
optimizing its various parameters, necessary to allocate the
various software components at appropriate locations in the
MEC environment. Usually, the values of these parameters
are determined by the domain experts and hence, they are inherently inaccurate. Therefore, different learning mechanisms
were proposed to acquire optimal values of the learning parameters by using training data [21][22][23][24][25][26][27].
Our recently developed BRBaDE (Belief Rule Base adaptive
Differential Evolution) optimization algorithm [28] provides a
way of finding the accurate optimal values of the parameters
in various domains since the algorithm addresses the issues
of both optimal exploitation and exploration in a balanced
way. A BRB environment can also be used as a classifier
[29], where the training is achieved by using labeled data and
hence, the learning can be considered as supervised. However,
the allocation of software components at three different locations in the MEC environment is an example of a clustering
problem, which requires unsupervised learning. Therefore,
our proposed solution targets this environment with a novel
Belief-rule-based (BRB) unsupervised learning algorithm for
clustering helping 5G applications to take intelligent decisions
on software deployment.
II. R ELATED W ORK
MEC is a new concept, allowing a mobile device to offload the computation of its software components at various
locations of the network, resulting in increasing its reliability and performance. There exists a plethora of techniques,
enabling optimally offloading the computation from mobile
devices to MEC servers. In addition to the offloading decision,
Wang et al. [4] considered resource allocation and content
caching strategies as examples of optimization problems. They
used Alternating Direction Method of Multipliers (ADMM)
based optimization algorithm for allocating resources to MEC
servers in a multi user multi connectivity scenario. However,

they considered such key factors as inputs, which are actually
difficult to obtain because of the varying wireless channels.
Yu et al. [5] developed a dynamic offloading framework
using deep learning in an ANN environment by considering
the limited communication and computation resources of the
MEC server. They considered a single user single connectivity
scenario. However, this deep learning approach, because of
the presence of ANN environment, lacks the transparency and
hence, works as a black-box.
Wang et al. [6] proposed Deep Reinforcement Learning
(DRL) techniques for optimizing computing, caching and
communication resources of MEC in a multi user multi connectivity scenario. Furthermore, an “In-Edge AI” framework
has been developed for better collaboration among devices
and edge nodes for improving the training and inferencing the
mathematical models, which will help in better optimization
of resources of MEC servers and devices, while reducing
unnecessary communication load. However, there should be
a balance of exploration and exploitation to achieve optimal
results using DRL, which is very critical.
Asheralieva [7] proposed a joint computational offloading and content caching method in the wireless heterogeneous MEC environment, where each small cell base station
(BS) is equipped with a MEC server having the content
caching/processing capabilities. Asheralieva [7] considered
ANN techniques in a multi user single connectivity scenario
for computational offloading and content caching.
None of the above-mentioned methods considered uncertainty associated with the factors necessary to determine the
optimal offloading of computation and content caching of the
mobile devices in the MEC environment. Moreover, the abovementioned methods lack the procedures to process uncertain
data and hence, the decision on offloading of computation
or on content caching could not be accurate. Eventually, the
performance of the MEC environment will significantly be
degraded.
The BRB environment not only provides an opportunity to
address various uncertainty but also handles both qualitative
and quantitative data in an integrated way [15][16][17][18].
BRBs have also been successfully used in location-allocation
problems where multiple factors of both qualitative and
quantitative nature under uncertainty are considered [19][20].
However, the accuracy of the decisions of such BRB environments depend upon obtaining optimal values of various
learning parameters. This is achieved by training input-output
or labeled data by using various optimization algorithms.
Hence, the learning in BRB environments is supervised.
Yang et al. [21] proposed sequential quadratic programming
based optimization technique which suffers from local optima
problem. Therefore, Yang et al. [26] proposed Differential
Evolution (DE) based joint optimization for BRB. However,
it lacks the procedures of being a balanced optimization
algorithm because it keeps the mutation and cross-over factors
constant during each iteration [30] [31]. However, our recently
developed BRBaDE algorithm [28] overcomes this limitation
by integrating BRB with DE, allowing the dynamic allocation

of mutation and cross-over factors at each iteration. It ensured
optimal exploitation and exploration. Since the offloading
of computation either at mobile devices or at the MEC
servers or at remote cloud servers is a clustering problem,
it is not possible to obtain the labeled data. Consequently,
a BRB based classifier, which uses labeled data should not
be appropriate for this purpose. Moreover, this classifier uses
DE as the optimization algorithm, which is not a balanced
algorithm, necessary to obtain optimal learning parameter
value. Therefore, the development of a novel BRB based
unsupervised learning algorithm for clustering to handle nonlabeled data of the types available in the MEC environment
is necessary. This novel BRB based unsupervised learning
algorithm should be a balanced one with the capability of
optimal exploitation and exploration, so that increased accuracy of the distribution of software components in the MEC
environment would be achieved. Eventually, this novel BRB
based unsupervised learning algorithm will allow self-learning
without the intervention of an expert in the MEC environment,
which is called cognitive computation or the mind of the MEC
environment can be computed. Such a novel approach will be
applied in the three scenarios consisting of single user with
single connectivity, single user with multi connectivity and
multi user with multi connectivity and mobility.
III. B ELIEF RULE BASE E NVIRONMENT
Belief Rule Base is an extended version of traditional IFThen rule with belief structure incorporated, which helps in
addressing all types of uncertainty. Eq. 1 represents a Belief
Rule. ER is used as inference methodology for generating
result using the BRB.

(1)
where βjk ≥ 0,

IV. P ROPOSED S OLUTION
In our proposed solution, we consider efficient distribution
of the software components among mobile devices, MEC
server and remote cloud. G is a resource-intensive software
which has V components. Each component can be executed
either in the mobile device, MEC server or remote cloud.
The relationship between components can be described as a
weighted directed graph G = (V, ε). The data dependency
between the components are denoted by ε, while each edge
ev−1 , v(ev−1 , v ∈ ε) represents the data communication
between two components. ev−1,v and ev,v+1 , v represents the
input and output data size respectively. The workload for
each component v ∈ V is denoted by θv . Execution time for
a component in mobile device can be calculated using Eq. 2,
where fu is the number of CPU cycles of the mobile device,
as shown below.
Tl =

θv
fu

(2)

Eqs. 3 and 4 will be used to calculate maximum achievable
rate (in bps) for uplink and downlink respectively [5]. The
maximum achievable rate (in bps) for uplink is shown in Eq. 3
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THEN (C1 , β1k ), (C2 , β2k ), . . . , (CN , βN k )
N
X

during the rule activation step. Henceforth, the belief update
is performed to address any missing inputs. As the final step,
the rule aggregation are carried out using either analytical or
recursive reasoning algorithm, which produces fuzzy output.
The fuzzy output can be converted to crisp value using utility
function.
Attribute weights, rule weights, belief degrees, referential
values of each input attribute influence the outcome, which is
known as learning parameters. Therefore, a learning mechanism is needed to identify the proper values of the learning
parameters. BRBaDE based joint optimization is used for
conducting the learning mechanism [28].

βjk ≤ 1 with rule weight θk ,

j=1

rul = n

j=1

otherwise, it is incomplete.
The inference procedure consists of four steps [11][32][33].
These are input transformation, rule activation, belief update
and rule aggregation. The inputs are distributed over referential
values of the consequent part of a rule, which is known as input
transformation. Afterwards, matching degree and activation
weight of the rules are calculated using the rule weights

(3)

The maximum achievable rate (in bps) for downlink is
shown in Eq. 4

and attribute weights δk1 , δk2 , . . . δkT k , k ∈ 1, . . . , L
where A1 , A2 , . . . , ATk are the antecedent attributes of the k th
rule. Vik (i = 1, . . . , Tk , k = 1, . . . , L) is the referential value
of the ith antecedent attribute. Cj is the j th referential value
of the consequent attribute. βjk (j = 1, ..., N, k = 1, ..., L) is
the degree of belief for the consequent reference value Cj .
N
X
If
βjk ≤ 1, then the k th rule is considered as complete;
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(4)

Execution time for a component in MEC server or remote
cloud server can be expressed as shown in Eqs. 5, 6 and 7.
ev−1,v
rul

(5)

θv
ev,v+1
+
m.fs
rdl

(6)

TSul =
TSdl =

TS = TSul + TSdl

(7)

Furthermore, n can be considered as communication resources used for the component out of N while p is the number
of computational resources for the component out of P by
the MEC server or remote cloud. Similarly, total memory and

storage available in mobile device, MEC Server and remote
cloud can be considered as H and M respectively, while h and
m can be considered as the required memory and storage for
the component respectively. Therefore, the cost of offloading a
component on the mobile devices can be represented as shown
in Eq. 8 and on MEC server and remote cloud can be presented
using Eq. 9.
m
h
+
(8)
H
M
n
h
m
p
(9)
+
+
Cr (S) = Ts + +
P
N
H
M
Afterwards, a BRB framework will be constructed by taking into account the cost of software component offloading,
memory requirement of the component and latency tolerance,
which is shown in Fig. 1. Furthermore, an example of BRB
is presented by Eq. 10.
Cl (S) = Tl (v) +

V. E VALUATION F RAMEWORK
Building upon the existing methods, a novel BRB based
unsupervised learning algorithm will be developed, allowing
optimal distribution of software components among mobile
devices, MEC servers and remote cloud servers, while ensuring optimal usage of resources. In order to evaluate our
solution, we are considering an evaluation framework with a
Docker-based container implementation allowing for efficient
distribution of micro-services in a networked system. The
system will be set up using a three-tier architecture as shown
in Fig. 2.

Fig. 2.

Fig. 1.

BRB framework for software component offloading
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THEN X1 (Software Component Location) is
{(Mobile Device, 0), (MEC server, 0), (Remote Cloud,
(10)
Afterwards, the locations of software components deployment
can be determined using the Chang et al. [29] proposed
methodology. However, to improve the accuracy of clustering
different deployment locations across the network a new
optimization function (Eq. 11) needs to be used as there is
a lack of labeled data.
M
1 X
ξ=
(xm − µci )2
M m=1

(11)

Here, xm (m = 1 . . . M ) represents the input data, µci (i =
1 . . . N ) is the ith cluster centroid and N is the number of
clusters or the numbers of software component deployment
locations.
In summary, the proposed novel BRB unsupervised cluster
algorithm will be used to distribute the software components
optimally among mobile devices, MEC server and remote
cloud based on the cost of deploying software components,
latency tolerance and memory requirements. The BRB will
play a significant role in addressing all types of uncertainty of
different network components.

Evaluation framework

As mentioned above, Docker is considered as the container
implementation used at all three layers for the distribution
of software components in the evaluation framework. EdgeCloudSim [34] is a new edge simulator based on CloudSim is
considered as our simulation platform. It provides a mobility
model, a network link model, a load generator model and
an edge server model to evaluate various aspects of Edge
Computing. This allows us to evaluate the proposed optimal
distribution of software components using the novel BRB
based unsupervised clustering algorithm in detail.
1)}

VI. L IVE E XPERIMENTS

A 5G testbed is currently being installed at Luleå University
of Technology, “5G Innovation Hub North” [35] as part of the
Wireless Innovation Arena project [36]. Our work will use this
testbed and perform experiments in a controlled environment.
VII. C ONCLUSION
Edge computing is becoming more popular due to the
demands of the new types of software such as autonomous
driving, augmented reality based games, remote health services
and many more. To cater the requirements, different components of the software need to be distributed among the network
nodes. The proposed optimal software components distribution
using the novel BRB based clustering algorithm will provide
new opportunity to address the specific scenario.
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