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The Multi-access edge computing (MEC) server would provide context-aware capabilities. When edge computing
uses high-quality computing performance to supplement edge applications with vast IoT-based data services,
substantial constraints are placed on the collaboration of edge nodes. Conversely to cloud computing, situational
circumstances in the edge network are more complicated. In this paper, we provide a novel Edge Network (EDN)
optimization (EDN-Opt) to boost the efficiency of edge computing jobs. In particular, we initially specify the
parameters for cooperative assessment through the Internet of Things (IoT). Furthermore, the effectiveness of the
proposed architecture is shown using real datasets collected from elderly individuals and various activity
trackers. A comprehensive study on QoC intended with EDN is used to assess collaboration effectiveness. The
cooperative optimization method developed provides improved efficiency To assess the effectiveness of EDN
optimization, the discrepancy between the proposed equivalent and the real equivalent is examined. Investi-
gation in this sector analyses several practical cases. The Spearman rank correlation factor is +1 or —1 when a
perfect monotonic association is attained with no identifying data. The examination of this article demonstrates
that trials show that our proposed edge cooperation optimization technique can quickly assess the EDN and then
provide information on the collaborative relationship’s replacement occurrences that can help the EDN’s design.

1. Introduction take the volatility of the edge surroundings into concern [5]. There is no

universal method to assess and optimize edge collaboration, and the

Edge computing offers greater safety and confidentiality than con-
ventional cloud computing. Three key designs for the evolution of edge
computing have already been put forth: cloudlets, fog computing, and
mobile edge computing [1-3]. Particularly, the MEC design has drawn a
lot of interest from academics and businesses. The equipment doing
computationally heavy activities is increasingly shifted from the cloud
to the edges since the cloudlets paradigm was first proposed in 2009
when edge computing considerably enhances customer service [4].

The supervision of edge services and the interaction for both edge
devices present new possibilities and problems with the advent of a
diverse range of edge software packages [5]. In other terms, the opti-
mization of assignment collaboration in edge computing designs must
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majority of the efforts that are currently available are restricted to a
specific job. Our inspiration is mostly drawn from the collaborative
analysis and improvement of activities [6]. We believe that there are
many parallels between the assessment and enhancement of teamwork
in sports leagues and edge computing [7]. The assessment of a person’s
commitment to a sporting event has subsequently been the subject of
numerous intriguing publications.

Individual efforts may be further assessed in their work [8]. By rating
their deliveries, soccer players can determine how much they contribute
to opportunity production. Another research focuses on collective effi-
ciency and decision-making [9]. Both the group and player aspects of
decision-making are explored in their study. One of the most valuable
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Fig. 1. The proposed architecture.

player techniques, a novel optimization technique, takes into consider-
ation the objectives of both the group and the individual performances
[10]. We look into this issue from the perspective of the conventional
network because teamwork in competitive activities and node interac-
tion in edge computing generally have such a network model.

2. Related works

In the feature space, data interpretation can be done using these
variables. Learning network representations often has two benefits:
initially, they may be used to rebuild the actual network model, and
subsequently, they can be used to assist in the prediction of network data
[11,12]. Matrix factorization, stochastic paths, and deep neural net-
works are the three groups into which detection techniques are
decomposed. Building a relationship matrix between the networks and
then using a matrix decomposition procedure to derive the network
representation vector are the two phases that are generally used in
matrix factorization-based approaches [13]. The objective behind
random walk-based approaches is to match vertices to phrases in natural
language processing. In contrast perspective, a neural network-based
technique defines the network using a function learning approach
appropriate for adapting non-linear features.

As a result of several edge computing environments, new possibil-
ities, and problems are presented by edge resource collaboration and
management throughout edge nodes [14]. Enabling activity collabora-
tion will enable the development of the edge computing framework that
focuses on the volatility of the edge environment. Previous research
offers several strategies for this approach [15]. Peer-to-peer offloading is
carried out in the IoV architecture by implementing a roadside device
and encouraging heuristics computation and artificial intelligence,
which permits the storage and transmission of resources near

autonomous sensors [16]. With the contribution of this model, the
overall system latency has been reduced spectacularly. Several scholars
have tackled the collaborative storage problem in films with variable bit
rates [17]. With the use of a heuristic algorithm, the computing work-
load allocation in multi-hop cooperative communications is maximized
by repeated job scheduling.

When investigating the possibilities of IoT, edge devices use the edge
computing prototype to guarantee secrecy and speed up latency [18].
Due to the restricted computing capacity at endpoint gadgets, energy
savings in mobile devices are achieved by offloading some or all
computation time from the MEC terminals to the internet [19].
Regardless of the widespread adoption of edge computing technologies,
this method is still applied. The facial detection technology in mobile
phones, and edge devices, and their processing power are fully utilized
[20]. By continuous data collected about the final consumer and
concluding as a result via edge devices, the MEC server would provide
context-aware capabilities. When edge computing uses high-quality
computing performance to supplement edge applications with vast
IoT-based data services, substantial constraints are placed on the
collaboration of edge nodes and peripherals [21].

The data is immediately sent to the centralized, uniform cloud
database in the event of cloud computing, where it is processed and
stored. After receiving and reviewing the collected data, the central
server will determine whether any action is necessary and send its
response back to the device. Even though the entire procedure usually
takes under a second, there may be times when the response is inter-
rupted or delayed. This could occur as a result of a network issue, a
shaky internet connection, or just the fact that the data center is too far
away from the device. Decentralizing data handling is the main goal of
edge computing. This results in several benefits over the conventional
cloud. Some of the advantages are.
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e Higher data security

e Better performance of the app
e Lower operating expenses

e Unlimited scalability

The Multi-access edge computing (MEC) server in edge computing
uses high-quality computing performance to supplement with vast IoT-
based data services. Cloud computing in the edge network is more
complicated. The work relevant to reduce the complication in MEC was
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Fig. 4. Sample dataset chosen.

not been properly addressed. In particular, specifying the parameters for
cooperative assessment through the Internet of Things (IoT) is a chal-
lenging task for the researcher. Propose an optimization method
developed is expected to provide improved efficiency.

3. Methodologies

Parameters are presented initially, followed by a summary of our
system. Furthermore, every element is provided along with a detailed
overview.

@ The problem of constrained capacities, such as node computational
power, has always persisted in edge networks. An EDN in this setting
signifies the degree of collaboration among edge nodes over a spe-
cific period.

@ To acquire low-dimensional vertices descriptions in an EDN, a
network description technique is used.

@ We use the level of collaboration among nodes to describe a node’s
collaborative state.

Depending on this, binary structures and ternary structures are used
to categorize the collaborative partnerships between the nodes in the
EDN. In a binary structure, nodes have only one set of positive con-
nections [22]. In this paper, ternary structures are defined as three
vertices with significant interaction between every set of nodes.
Although the versatility of the binary structure provides benefits the
triangle motif has a greater value while dealing with significant jobs.

The EDN-Opt system is split into three sections. The first component
involves creating an EDN, and the other involves using the network
description technique to create a low-dimensional description of the
connections in the EDN. We initially define the collaborative form of
nodes in the third section. After that, we assess the connections and
improve our system. Fig. 1 depicts the framework features.

As an illustration, edge network jobs use fewer computational re-
sources than regular activities require. Additionally, networks in edge
cooperative tasks are typically unique from one another. Functions,
computational capabilities, resources, and other characteristics are in-
stances. Because nodes vary from one another, it is challenging to
accurately manage every node’s condition to maximize collaboration. In
Fig. 2, an overall EDN instance is displayed.

We think about the nodes’ function. The function of nodes is implied
in their connection with one another. To construct a network, we
initially identify base stations and wearable technology as comparable
nodes in the network and handle them similarly. Subsequently, the re-
cords of node connections for the activities. Algorithm 1 outlines the
procedure.
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3.1. Mode extraction

The deep walk uses the random walk method to create node seg-
ments of a certain duration t. Therefore, in an Edge Network (EDN)
optimization (EDN-Opt), these patterns are seen as being comparable to
phrases. The following nodes in the series are chosen during the random
walk process with the frequency of pi,j provided by
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Skip-gram language method is constructed with node patterns as an
input document to develop low-dimensional descriptions of edges.
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Computational complexity expense is required to optimize this
objective [23]. To estimate the optimization of the optimization prob-
lem, negative sampling is performed.

among nodes. Only the effects of intense collaboration within the EDN
are covered in this section shown in Fig. 3. In a cooperative network, it
has been found that high collaboration displays a more centralized
collaborative design [25].

3.2. Optimization

To accomplish a function in the EDN, a variety of node categories
might have to work well together. Based on this, we investigate node
traits to gauge their capacity for cooperation. Inherently, all cooperating
edge nodes share the following three traits: activity allocation T, inter-
face rate I, and collaboration mode selection Mnode. The collaboration
inclination is easily calculated using Mnode = t3 t2. The proportion of
node connections to all network interactions over time t is known as the
interface rate I. As a result, the formulation for the interface rate Ii of
each particular node vi is as follows:

D Wiy
exy€E

X, =T
t

@

Activity participation T is also directly tied to specific functions. We
can determine how related every set of vectors is by adding these three
characteristics to every component. Specific nodes are therefore
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Fig. 6. Data visualization.

successfully examined as a result.

For instance, network variations have an impact on collaboration,
making it inappropriate to assess the QoC while disregarding this
disruption. From the macro perspective of the EDN (MEDN), it would
seem that the network’s inclination for a large-scale cooperative mode
would represent the influence of elements like network variations. When
exterior environmental effects Ware considered, the QoC is also con-
strained. For the reasons outlined over, we suggest an all-encompassing
cooperative quality model termed QoC, which is as follows:

(Mgey)! x

7 )

QoC=
where the variable that determines whether the cooperative approach is
preferred is called p. Two parameters are task-specific. They are Q and
Y. The number of connections (QoC) efficiently counts the degree of
system collaboration involving edge nodes. We demonstrate the
deployment of QoC to special issues in the method procedure.

3.3. Optimization of edge cooperation

Nodes typically collaborate with other nodes that are comparable to
them. As an illustration, 80% of the nodes that collaborate with the data
transfer node perform data transmission, and 20% of the nodes perform
various functions. Consequently, the node’s preferred cooperative
method Mnode can also be thought of as a measure of how similarly the
node functions. In the edge collaboration activity, we discover that
Mnode and MEDN are considerably enhanced, and the efficiency of the

network activity is substantially enhanced, when the same nodes with
inadequate characteristics are replaced or redundant comparable nodes
are reduced. As a result, we search the Mnode for networks that the
system can optimize. We employ DPCA to first execute density-based
clustering on topological data to increase the Mnode indices.

4. Experiments

To test our architecture, we creatively choose the sports collabora-
tion system based on players’ wearable sensors for tests. We primarily
present the chosen dataset in this article. Then, we contrast the collab-
oration network’s performance measures with those of other systems.
The node substitute occurrences in the actual dataset are then appro-
priately analyzed. Based on this, we demonstrate the usefulness of the
conceptual framework. The player network is a system created using
individuals as vertices and the value of links is determined by the vol-
ume of interactions among players. Fig. 4 displays a basic diagram.

It includes information on 59 271 game events and 23 429 transfers
made by 366 players. Interactions among players can involve passing,
scoring, and other activities. We choose the dataset’s deliveries and ball
possession for illustration. There seems to be a significant association
between the patterns of ball control and the number of deliveries, as
illustrated in Fig. 5.

4.1. Optimization of the EDN

In practice, a network assessment indication can be used to
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determine whether the EDN is optimal. In the meanwhile, a significant
part of the EDN’s efficiency involves player substitution. For instance,
removing network nodes with weak interaction capabilities might
significantly increase effectiveness. Therefore, using our system, we can
identify the players that are proposed for substitution in every game. In
addition, we see as players are changed throughout a game. We examine
the assessment measures modification to demonstrate the efficiency of
the optimization activity in the EDN by evaluating the reliability and
variance between both the proposed and realistic substitution. This
portion of the research focuses on investigating a collection of common
instances.

5. Performance and discussion

Furthermore, analyses and experimental data demonstrate the value
of this approach.

The genuine dataset chosen for the study is shown initially in
Table 1. Additionally, a comparison of the collaboration network eval-
uation measures with the other systems that are already in use is
accomplished. Finally, an assessment of node replacement occurrences
from the actual dataset is carried out. Based on these findings, the
effectiveness of the proposed methodology is demonstrated. The degree
of efficiency of the EDN is assessed using a network evaluation indica-
tion. Based on the modification of the assessment indication about the
data collected by the medical sensors, the effectiveness of optimization
of the proposed methodology is confirmed. EDN optimization also aims
to replace any network nodes with a minimal level of interaction. In
consequence, this increases overall effectiveness. After receiving the
suggestion to repair a given node, the exact update is carried out, and the
efficiency of the system is further examined. To assess the effectiveness
of EDN optimization, the discrepancy between the proposed equivalent
and the real equivalent is examined. Investigation in this sector analyses
several practical cases. Fig. 6 depicts the visual modeling process of the
physiological influence identified by the sensor network and the reac-
tion to the treatment of two multiple users.

For the use of assessing baseline metrics and a cooperative assess-
ment indication focused on quality of care (QoC), subsamples from a
variety of portable sensor devices are collected from older persons. The
exact value serves to indicate the degree of the correlation. The Spear-
man’s Rank Correlation Ratio can be used to calculate the rank corre-
lation between any 2 factors. A monotonic expression is used to analyze
the relationship between variables. The Spearman rank correlation
factor is +1 or —1 when a perfect monotonic association is attained with
no identifying data. The baseline and QoC indications are compared
with the treatment response in Fig. 7 in respect of average and variation.

We choose a common scenario and examine the variations in QoC to
illustrate the efficacy of our proposed edge cooperation optimization
technique. Nine timeframes, every with 60 passes, make up a single
game. The conversion occurrence occurs during stages 4 and 5, and this
choice is incompatible with the outcomes of the cooperative optimiza-
tion technique we’ve proposed. The dotted box in Fig. 8 depicts this
comparable decline in QoC. On the other hand, stage 7’s replacement is
in line with our suggestions, and QoC rises, as indicated by the clear box.
The examination of this article demonstrates that trials show that our
proposed edge cooperation optimization technique can quickly assess
the EDN and then provide information on the collaborative relation-
ship’s replacement occurrences that can help the EDN’s design.

6. Conclusion

In this study, an optimization framework for EDN is presented. The
collaborative nodes retrieved and the EDN description is presented
mostly on the premise of network representation learning. According to
the EDN collaborative method requirements, a comprehensive mea-
surement known as QoC is used in EDN to assess collaboration effec-
tiveness. Through the use of a cooperative optimization method
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developed in this research, EDN efficiency is also enhanced. The
experiment part utilizes information from wearable medical sensors to
demonstrate the framework’s effectiveness. Based on a research study,
the edge cooperative optimization algorithm’s viability is therefore
confirmed. The datasets will be increased in the next, and the frame-
work’s performance will be further optimized.
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