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Abstract: This study analyzes the impact of Industry 4.0 and SARS-CoV-2 on the manufacturing
industry, in which manufacturing entities are faced with insufficient resources and uncertain ser-
vices; however, the current study does not fit this situation well. A multi-service composition for
complex manufacturing tasks in a cloud manufacturing environment is proposed to improve the
utilization of manufacturing service resources. Combining execution time, cost, energy consump-
tion, service reliability and availability, a quality of service (QoS) model is constructed as the eval-
uation standard. A hybrid search algorithm (VS-ABC algorithm) based on the vortex search algo-
rithm (VS) and the artificial bee colony algorithm (ABC) is introduced and combines the ad-
vantages of the two algorithms in search range and calculation speed. We take the customization
production of automobiles as an example, and the case study shows that the VS-ABC algorithm
has better applicability compared with traditional vortex search and artificial bee colony algo-
rithms.

Keywords: manufacturing; customized products; service composition; evaluation model; hybrid
search algorithm
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1. Introduction

The proposal of Industry 4.0 caused the manufacturing industry to change from the
traditional production type to the service type, which meets the diversified needs of cus-
tomers in the new era. Meanwhile, 5G network technology drives the development and
reform of manufacturing technology by virtue of its characteristics of high communica-
tion speed and quality, high reliability and low delay, which are far superior to 4G tech-
nology. In the process of transformation, some problems in the traditional manufactur-
ing industry gradually emerged and were reflected in the imbalanced manufacturing
technology of manufacturing entities, insufficient manufacturing resources, delivery
delay, high energy consumption and poor service reliability. In addition, with the ad-
vent of COVID-19 caused by SARS-CoV-2, the global economy and production have
received varying degrees of impact [1]. The COVID-19 outbreak in 2019 has exacerbated
the global economic shocks, seriously affected the reliability and credibility of economic
entities, and threatened the survival and development of manufacturing enterprises.
Cloud manufacturing is a service-oriented manufacturing model based on cloud compu-
ting, virtualization and other technologies, and can provide solutions to diversified
product customization problems and shorten product life-cycle problems [2]. Cloud
manufacturing uses cloud service platforms to centrally manage distributed manufac-
turing resources, which improves the utilization rate of manufacturing resources by vir-
tualizing manufacturing resources and capabilities, and overcomes the limitations of a
single enterprise in manufacturing resources and capabilities [3]. The key to cloud man-
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ufacturing lies in the construction and solution of a service composition model, which is
also a hot issue.

In recent years, many scholars have addressed the evaluation and optimization of
cloud service combination strategies by the genetic algorithm, the particle swarm opti-
mization algorithm and so on.

This paper summarizes some relevant studies as follows:

(1) Related to the task decomposition of cloud manufacturing and cloud services.

Attiya et al. applied cloud services and scheduled tasks based on simulated anneal-
ing and disruption operators for global optimization [4]. Zhang et al. further pointed out
that cloud manufacturing can be used to solve the bottleneck problems in the manufac-
turing process [5]. Wang et al. improved the related problems of associated task percep-
tion in cloud manufacturing [6]. Li et al. presented cloud manufacturing technology
based on a QoS awareness multi-objective optimization problem [7]. Wang studied the
sustainability of cloud manufacturing services [8]. Hu et al. analyzed the matching of re-
sources in cloud manufacturing [9]. Based on cloud manufacturing, Hu et al. studied the
decomposition of manufacturing tasks [10]. Singh introduced the connection and appli-
cation between cloud manufacturing and 3D printing [11]. Zhang analyzed the optimi-
zation of 3D printing task ordering on cloud service platforms [12]. Lee K-L used a Ger-
man software company as an example to discuss the development of Industry 4.0 with
the application of cloud technology and other technologies [13].

Related researchers and studies are shown in Table 1.

Table 1. Researchers and studies related to cloud services.

Year Author Research Contents
2018 Zhang, L; Luo, Y.; Tao, F.; et al [5]. $01ved the bottlened.( problems of manufacturing processes
in cloud manufacturing.
2020 Wang, F.; Laili, Y.; Zhang, L. [6]. Improved associated task perception in cloud manufacturing.
P 1 f i hnol
2020 Li, F; Zhang, L; Liu, Y, K; et al [7]. resented c oud. manu .acturm.g t.ec nology based on a QoS
awareness multi-objective optimization problem.
2021 Wang, J. [8]. The sustainability of cloud manufacturing services.
2021 glflvz;:;r;ﬁgl]cu, D Wang, Z.; Liu, Analyzed matching of resources in cloud manufacturing.
Hu, Y.; Zh Z.,; W 5 W Z,;
2021 b o SN, £ TVang J.; Wang, Z; The decomposition of cloud manufacturing tasks.
Liu, H. [10].
Singh, R.; Gehlot, A.; Akram, S.V.; . ..
2021 Gupta, L.R.; Jena, M.K.; Prakash, C.; 'il;lhe :rcl)gr;g:tlc;; f:;d application between cloud manufactur-
Singh, S.; Kumar, R. [11]. & printng.
Zhang, C.; Zhang, C.; Zhuang, J.; Han, L .. .
The opt t 3D t k 1 -
2021 H.; Yuan, B.; Liu, J.; Yang, K.; Zhuang, n e 01; ltIfer; ion of 3D printing task ordering on cloud ser
S, Li, R [12]. ¢ platiotins.
Applied cl i hedul k imu-
Elsadek, D.; Abd Elaziz, M. [4]. :‘; anneating and cistuption operators 1ot globat optimiza
ion.
2022 Lee, K.L.; Roesinger, A.; Hommel, U. Discussed the development of Industry 4.0 with the applica-

[13].

tion of cloud technology and other technologies.

(2) Related to evaluation models of service composition and optimization algorithms of
composition strategies.

Lin improved the GA algorithm [14]. By improving the gray wolf algorithm, Yang
et al. studied energy consumption awareness through compositional optimization of
cloud manufacturing [15]. Zhang et al. proposed a multi-task scheduling method for
cloud manufacturing based on utility perception [16]. Gavvala et al. explored the combi-
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nation strategy of cloud services based on the behavior pattern of eagles [17]. Maryam et
al. conducted a topology analysis on the cloud manufacturing supply and demand su-
per-network [18]. Asfandyar et al. evaluated the cost of cloud computing with a QoS
awareness model [19]. Sefati et al. used an adaptive penalty function and QoS model to
optimize cloud service composition [20]. Liu et al. evaluated trust services based on a
QoS awareness model [21]. Rakrouki et al. used QoS awareness to evaluate task flow
scheduling in cloud computing environments [22]. Based on cloud—fog computing,
Syed. et al. used QoS awareness [23]. Babbar et al. proposed a QoS-aware architecture to
deal with the server load of cloud intelligent services [24]. BEN et al. constrained dead-
lines for cloud computing tasks in a QoS model [25].
Related researchers and studies are shown in Table 2.

Table 2. Researchers and studies related to evaluation model and optimization algorithm.

Year Author Research Contents
2017 Lin, Y. K.; Chong, C. H. [14]. Improved GA algorithm.
Energy consumption awareness through compositional opti-
2019 Yang, Y.; Yang, B.; Wang, S. et al [15].mization of cloud manufacturing with improved gray wolf
algorithm.
2019 S. K. Gavvala; C. Jatoth; G.R. Gan-  The combination strategy of cloud services based on the be-
gadharan, R. Buyya. [17]. havior pattern of eagles.
2019 BEN ALLA, S.; BEN ALLA, H,; Constrained deadlines for cloud computing tasks in a QoS
TOUHAF], A.; EZZATI, A. [25]. model.
2021 Zhang, W.; Xiao, J.; Zhang, S.etal = Proposed a multi-task scheduling method for cloud manufac-
[16]. turing based on utility perception.
2021 Maryam R. N.; Koroush E.; Omid F. A topology analysis on the cloud manufacturing supply and
V. [18]. demand super-network.
2021 Babbar, H.; Rani, S.; Singh, A.; Abd- Proposed a QoS-aware architecture dealing with the server
Elnaby, M.; Choi, B.]. [24]. load of cloud services.
Khan, A.; Umar, A.IL; Shirazi, S.H.;
2022 Ishaq, W.; Shah, M.; Assam, M.; Mo- The cost of cloud computing with a QoS awareness model.
hamed, A. [19].
2022 Sefati, S. S.; Halunga, S. [20]. Optimized cloud service composition.
2022 Liu, W.; Zhang, X.; Feng, W.; Huang, Evaluated trust services based on a QoS awareness model.
M.; Xu, Y. [21].
2022 Rakrouki, M. A.; Alharbe, N. [22]. Evaluated tésk flow scheduling in cloud computing envi-
ronments with a QoS awareness model.
Syed, S. A.; Rashid, M.; Hussain, S.;
2022 Azim, F.; Zahid, H.; Umer, A.; Wa- Used QoS awareness on cloud—fog computing.

heed, A.; Zareei, M.; Vargas-Rosales,

C. [23].

(3) Related to improvement of vortex search and artificial bee colony algorithms.

Kaixiang et al. uses the artificial bee colony algorithm to optimize school scheduling
[26]. Mei et al. applied a sorting-based discrete artificial bee colony algorithm to solve a
scheduling problem [27]. Gulnur et al. cited a new hybrid BA-ABC algorithm to over-
come global optimization problems [28]. Safayenikoo et al. compared the vortex search
algorithm, multi-verse optimizer, and shuffled complex evolution in optimizing the con-
figuration of a multi-layer perceptron neural network [29]. Grisales-Norefia et al. pro-
posed a hybrid algorithm based on population-based incremental learning and the vor-
tex search algorithm to optimal location and sizing of distributed generators in direct
current networks [30]. Paz-Rodriguez et al. optimized integration of photovoltaic
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sources with the vortex search algorithm [31]. John et al. used a discrete version of the
vortex search algorithm [32].
Related researchers and studies are shown in Table 3.

Table 3. Researchers and studies related to algorithm improvement.

Year Author Research Contents
2020 Yildizdan, G.; Baykan, O.K [28]. Hybrid BA-ABC algorithm.
2021 Li, M.; Wang, G.-G.; Yu, H. [27]. Sorting-based discrete artificial bee colony algorithm.

Grisales-Norefia, L.F.; Montoya, O.D.;
2021 Hincapié-Isaza, R.A.; Granada Echever-
ri, M.; Perea-Moreno, A.-J. [30].

Paz-Rodriguez, A.; Castro-Ordofiez, ]'F';O timized integration of photovoltaic sources with the vortex
2021 Montoya, O.D.; Giral-Ramirez, D.A. ptmized mtegrat P vottalc sou w v

[31]. search algorithm.

Martinez-Gil, J.F.; Moyano-Garcia, N.A.;
2021 Montoya, O.D.; Alarcon-Villamil, J.A. Used a discrete version of the vortex search algorithm.
[32].

Hybrid algorithm based on population-based incremental
learning and the vortex search algorithm.

2022 Zhu, K; Li, LD.; Li, M. [26]. Used the artificial bee colony algorithm to optimize school

scheduling.
2022 Safayenikoo, H.; Khajehzadeh, M.; Compared the vortex search algorithm, multi-verse optimizer,
Nehdi, M.L. [29]. and shuffled complex evolution.

Most of the studies above put forward relevant methods and algorithms to improve
and evaluate service composition problems, but these studies are not good enough to
apply to the problems faced by manufacturing and there are still research gaps in multi-
service composition. These studies usually take the single-service composition mode to
match and decompose the manufacturing task, and optimize it as the main research ob-
ject. However, when a large number of complex manufacturing tasks occur, the existing
service composition plan cannot be applied appropriately. In terms of algorithms, these
algorithms usually have a single solution and are still deficient in global optimization
and local optimization.

In conclusion, the following contributions are included in this paper:

¢ A multi-service composition is proposed to improve the utilization of manufactur-
ing service resources;

¢ A QoS model is built to evaluate cloud service compositions;

¢ A hybrid search algorithm is introduced that combines the advantages of the vortex
search algorithm and the artificial bee colony algorithm.

The remaining sections of this paper are organized as follows: Section 2 introduces
the global optimization model of multi-service composition and the QoS evaluation
model. Section 3 proposes the hybrid search algorithm (VS-ABC algorithm). Section 4
verifies the applicability of the VS-ABC algorithm through experiments. Finally, Section
5 concludes the paper.

2. Global Optimization Model of Multi-Service Composition for Customized Prod-
ucts in Cloud Manufacturing Environment
2.1. Optimization Strategy Development

The characteristic feature of traditional customized service composition strategy is
that each task group has its corresponding service group. That is, for any subtask T»,

there exists service candidate set css” :{Cka ,CSe, s CSg ,}, whose QoS value of the

whole service composition should be as large as possible if it meets the restriction condi-
tions. The traditional service composition process is shown in Figure 1.
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Figure 1. Service composition process in traditional strategy.

Compared with other service composition strategies, the traditional strategy selects
the sub-service with the highest single QoS score rather than the sub-service with the
highest overall QoS score. In addition, there is a “1:1” mapping between tasks and ser-
vice compositions, which greatly restricts the optimization efficiency and globality of
service composition of customized products as the part B of Figure 1. The larger the
number of customization tasks, the more obvious the problems of the traditional service
composition strategy are. For example, when more than two manufacturing tasks are
combined into a more complex manufacturing task, it is not enough to meet the re-
quirements of customization production. Therefore, in order to address the problem
where the demand is greater than the supply in the traditional service composition
strategy for complex tasks, an optimization plan of service composition is proposed,
which improves the traditional service composition strategy and is adaptable for com-
plex manufacturing tasks.
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The manufacturing task of product customization will continue to increase due to
the recursion of service composition. The task intensity cannot be performed by a single
manufacturing service group, and it is difficult to complete independently and gradual-
ly. Therefore, the idle service composition whose QoS value does not meet the restriction
conditions can be recombined to form an aggregate of multiple service groups. The mul-
tiple service groups in the assembly jointly respond to the manufacturing task request of
the customized service, forming a one-to-many mapping between tasks and service
groups as the part A of Figure 1.

The global optimization strategy includes two stages: preparation and implementa-
tion. The preparation stage includes the task decomposition, which divides the main
task into corresponding subtasks, and task discovery, which is the recombination of the
service candidate set according to the needs of the subtasks.

The traditional service composition process and the multi-service composition pro-
cess are shown in Table 4.

Table 4. Comparison of service combination process.

Traditional Service Composition Process Multi-Service Composition Process

(1) Service Combination:

For the main task (MT), there is a sub-service
CSj, belonging to the service candidate set
CSSn, which corresponds to the subtask.
Thus, the service composition is formed as

(1) Service combination stage:

The sub-services corresponding to the
subtasks are combined to obtain all the
service combinations that can complete

the corresponding manufacturing tasks.

This process is also known as internal SC= {CSS;I /CSS,i ;- CSS; } )
. '/ Theoretically,
composition.

there is a service composition.

(2) Service recombination aggregation stage:
Evaluate the corresponding QoS value of any
sub-service CSj, which can be expressed as:

(2) Service recombination aggregation
stage:

The candidate set of service group candi-

dates is formed by the recombination of {SCVSCz""' SC,}

the service composition with higher QoS-

n
comprehensive attributes. anl i service combinations.

. There are theoretically

(3) Service grouping stage:
The candidate set of service compositions is

(3) Service grouping stage:
MSC ={MSC,,MSC,,.., MSC, |

Group the set of service group candidates
to complete the corresponding manufac-
turing tasks together. This process is also
called external composition.

expressed as
. The candidate set can be used to solve the
corresponding manufacturing task, and the
QoS value can be calculated based on the
structure of the service grouping stage.

The global optimization strategy of the product customization process is shown in
Figure 2.
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] r 4 D O W

Main task Service combination Service combination Sul-services
M sC candidate cs
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Figure 2. Global optimization strategy for product customization process. (a) Service Combina-
tion. (b) Service Combination Candidate. (¢) MSC Multi-service Composition.

2.2. Construction of Multi-Service Composition Model for Customized Products in Cloud
Manufacturing Environment

The increase in the number of service compositions will inevitably lead to a series of
problems such as cost rise and manufacturing time delay, which will reduce the efficien-
cy of manufacturing task completion. Therefore, in order to obtain the optimal solution
of multi-service composition of customized products in cloud manufacturing environ-
ment, an evaluation model based on QoS attributes, a QoS model is established to solve
the cost and time problems caused by the increasing number of service compositions.
Based on the characteristics of the production process and the actual production situa-
tion of customized products, five attributes, namely, A (availability), C (cost), E (energy),
R (reliability), and T (time), are selected as QoS evaluation indexes. According to the
characteristics of these attributes, relevant data such as sum, mean, product and extreme
value are counted. T is based on the sum of all service composition attributes. C and E
are related to cost and are calculated using corresponding attributes. R and A are deter-
mined by the comprehensive performance of all tasks, which are calculated by the prod-
uct of corresponding attributes.

2.2.1. Model Preparation Stage

The specific symbols in the multi-service composite QoS model are shown in Table
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Table 5. The description of symbols.

Symbol Description Symbol Description
; Quantity of manufacturing g Time
tasks
n Quantity of subtasks g2 Cost
. Quantity of sub-services/
/kj 3 E
7 service candidate sets 1 nerey
v of . .
] Quantity o s.erV1ce compost gt Reliability
tions
I Quantity of mu.ltllple service " Availability
compositions
W Time weight of QoS W Reliability weight of
QoS
W Cost weight of QoS W Avallabll(lztz Sw’/\/elght of
Wi Energy weight of QoS SC Service composition

The decision variables and their descriptions are shown in Table 6.

Table 6. Parameters and decision variables.

Symbol Description
QoS constraint of manufacturing task, expressed as:
MTi ;
o Q(MT,)=(q' (MT,),* (MT,),q° (MT),¢' (MT,),4° (MT,))
QoS value of the sub-service CSkj, expressed as:
Q(CSik i\_/ 1 i\ 2 i\ 3 i\ 4 i\ 5 i
< Qles)=a'(csi).(cst)r (csi).a (1) 7(c51)
If the kth sub-service is selected from the jth service candidate set
x(Ljk) to be combined into the Ith service composition, the variable is 1.
If not, itis 0.
If the /th service composition is successfully selected into the ser-
z(1) vice composition candidate set, the variable is 1. If not, the value
is 0.
If the Ith service composition is successfully divided into the Ith
y(LD) multi-service composition, then the variable is 1.

If not, the value is 0.

According to the workflow model, QoS expression can be established. In the pro-
cess of selecting subtasks, each subtask has A probability of being selected, and

ZSS ;=1 In the selection cycle of subtasks, a subtask will be repeated many times,
]=91

and its selection times are represented by weight w, we then multiply the value of each
QoS attribute by the weight to obtain the final value.
The QoS expression of the external composite process is shown in Tables 7-11.
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Table 7. QoS expressions of internal composite (Time).

Index Sequential Structure

Parallel Structure

o .
o3| 27 ()

o xx (1,7, k)

Time

KV
. max qu(CS,{)
7 j=s.5 |
xx(l,],k)

Index Selective Structure

Cycle Structure

X
>~

o & (q'(cs))
. - |
Time q }_ZSI[;[XX(Z,], k) ]

(s1)

q! —wxz zq

=5 xx(l,j,k)

Table 8. QoS expressions of internal composite (Cost).

Index Sequential Structure

Parallel Structure

Cost g*=

K .
i ;qz (cs,g)

=5 xx(l,j,k)

q2=

5 .
52 ;zf (Cs;)

=5 xx(l,j, k)

Index Selective Structure

Cycle Structure

o & (g (cs))
2 = A
Cost q ;[;[Xx(l’jlk) <A,

o= wxz 2‘7 (csi)

i xx(l, j k)

Table 9. QoS expressions of internal composite (Energy).

Index Sequential Structure Parallel Structure
K/ KV
2 *(cs] & *(cs;
Energy P-Y Zf/ (csi) P-Y ;’4 (csi)
o xx(1,j, k) o xx (1,4, k)
Index Selective Structure Cycle Structure
s [ & (q°(CS) CS]
Energy = Z[Z[q ( 'k) J xA, g = a)xz zq ( )
= (L k) RIS

Table 10. QoS expressions of internal composite (Reliability).

Index Sequential Structure

Parallel Structure

K .
i ;q“ (cs;)

(1, k)

Reliability qt=

K .
ﬁ ;(f (cs;)

o xx (1 7, k)

q4:

Index Selective Structure

Cycle Structure

s, [ K 4 CSf
Reliability gt = ]Zs: [;[Zx((l j"l)c)ﬂx A,

o= a)xz Zq (csi)

j=5 xx(l,j,k)
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Table 11. QoS expressions of internal composite (Availability).

Parallel Structure

= .
ﬁ ;qs (cs,g)

o xx (1, 7, k)

Index Sequential Structure

K .
i 3|2 (es)

o xx(1,j, k)

Availability P =

Index Selective Structure
S K 5 j

[ &(a (cs})

q ;[;[xx(z,j,k)

The QoS evaluation model can be obtained from Tables 7-11 as Formula (1):

Q(sc,)= <q1 (css;’/ ),qz (css,{/ ),q3 (css;/ ),q4 (css,{] ),q5 (CSSi/ )> (1)

Cycle Structure

[ies

A,‘ 7= WX 2 1=
=5 xx(l,j,k)

X

Availability

In the composition process of sub-services, the internal and external composition
processes are considered comprehensively, and the QoS values of both are calculated at
the same time, which represent the n:1 correspondence between service composition and
subtasks.

The QoS model of multi-service composition is converted into a mathematical mod-
el for evaluation, and the formula can be expressed as Formula (2):

Q(SC,)=Q(MsSC)=(Q(SC,),Q(SC, ), Q(SC)) )

where

2.2.2. Building Up Model

Compared with the optimization strategy of the traditional service composition, the
service composition regrouping process is added to the global optimization strategy of
the multi-service composition. Therefore, the QoS evaluation model needs to combine
the two processes, which are described as follows:

(I) QoS model of internal composition process.

For any service composition SC;, there is a QoS expression, i.e., Formula (3):



Mathematics 2022, 10, 3968

11 of 26

©)

sloles, 0]

where fi to 5 are determined by SC, and their results should be weighted when taken as
an evaluation standard.

(1) Calibration stage

To make T, C and E as small as possible and R and A as large as possible, the five
types of data will be processed in different ways. The processing formulas are as fol-
lows:

max(7')-4'(SC,) o
3'(5C,) = | max(@) —min(g) | (@)= min(@) “

1 if max(q')=min(q')

max(qz)_qZ(sCz) . R o,
T5C,) = max(q?)—min(gr) | o) F NG 5

1 if max(q*)=min(q)

max(q’)-4°(SC,) . o
q°(SC,) ={ max(q*) - min(g®) if max(q”) # min(q”) ©)

1 if max(g*) = min(g’)

max(q*)-q*(SC,) . \ .
q'(sC,) = max(q") - min(q") if max(q")# min(q") )

1 if max(q')=min(g")

max(q°)—¢°(SCy) . S .
q°(SC;) = max(q°) - min(g®) if max(q’) # min(q") -

1 if max(q’)=min(g’)

(2) Weighted processing stage

According to Formula (4) to Formula (8) above, the QoS evaluation value is ex-
pressed as Formula (9):

Q(SC,)=7"(SC,)xW! +7* (SC,)x W +7° (SC, ) x W, +

74(SC1)XV\44+75(SC1)XV\45 )

Similarly, the QoS value constraint formula of the total task is expressed as Formula
(10):

O(T) =7 (T)x WA+ (T)x W +7° (T )W 47 (T W 7 (T)W? (10

1

(2) QoS model of external composite process.
The overall QoS results need to be further processed:

(1) The calculation formula of the QoS evaluation value of a multi-service compo-
sition composed of a single service group is expressed as Formula (11):
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Q(MSC,) =Q(SC,)x=(1)xy(L1) (an

where Q(SC)) can be calculated by Formula (9) above, and z(l) and y(1,I) are decision var-
iables.

(2) Multi-service composition composed of multiple service groups.
Combining with Formula (2), the QoS evaluation value formula can be presented as
Formula (12):
Q(MSC,)=7" (MSC, )x W' +7* (MSC, ) xW? +7° (MSC, ) x W +

1

7" (MSC, )xW! +7° (MSC, )x W’

1

(12)

where

7'(MsC,)=7" !
zjl(ql(}sq)xz(z)x y(l,I)J
7°(smc,) =7 [Zfl[qz (sc, )x(il(?g/g;)xz(l)xy(l,l)]]

p(owc) -1 2176 LDyt

4 - L B 1 if z(l)=00ry(l,1)=0
7'(sMcC,)=7 (lelflex,.), where flex; = {Ef (s¢,) ofherwise

1 if z(I)=0ory(I,1)=0
7°(sC) otherwise

7° (SMCI) =7° (H;ﬂexi ), where flex; = {

ﬁl(SCI),ﬁz (SCI),E3 (SCI),E4 (SC,),E5 (SCI) can be obtained from Formula (4) to
Formula (8).

(8) Personalized customization-oriented multi-service composition optimization mod-
el.

To sum up, the model transforms the problem of multi-objective composition opti-
mization, quantifies the optimal composition into the maximum QoS value and trans-
forms it into a mathematical problem. The specific model is as follows:

maxQ(MSC,) (13)
where
maxQ(MSC, ) >Q(MT,), Vi (14)
35 x(1,j,k)=1, fixjand I (15)
> x(Lj,k)=1, fixjand k (16)
S y(LI)=1, fixI 17)
Yz()zy(LD)=1, vi (18)

Formula (13) is the objective function. In order to obtain the maximum QoS value,
Formula (14) to Formula (18) are the constraint conditions of MSC:. Formula (13) repre-
sents the objective function of the multi-service composition optimization model, and
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Formula (14) to Formula (18) are the five constraints of the objective function related to
the optimization problem. Formula (14) indicates that the execution path of the multi-
service composition can be selected only when the overall QoS attribute value of the
multi-service composition is greater than or equal to the QoS attribute value required by
the manufacturing task. Formula (15) indicates that any selected sub-service can only
come from the corresponding cloud service candidate set, and the corresponding num-
ber is one. Formula (16) indicates that any sub-service can only come from a service
composition. Formula (17) indicates that there is a one-to-one mapping correspondence
between a multi-service composition and a manufacturing task, but it is essentially a
many-to-one relationship between a single-service composition and manufacturing
tasks. Formula (18) indicates that the number of candidate service compositions cannot
be less than the number of multi-service compositions, and each multi-service composi-
tion contains at least one single-service composition.

3. VS-ABC Hybrid Search Algorithm
3.1. Vortex Search Algorithm

The search mechanism of the vortex search algorithm (VS) is inspired by the eddy
current mode to simulate eddy current motion. The VS algorithm uses an adaptive
length adjustment strategy to improve the performance of the search process. Compared
with other meta-heuristic optimization algorithms, the VS algorithm has some favorable
characteristics, such as simple operation, few parameter settings and strong search abil-
ity. The VS algorithm is a kind of global optimization algorithm, and its local search abil-
ity is relatively weak. Hence, it is easy to converge prematurely.

The process of the VS algorithm can be divided into four sections: generating the in-
itial solution, generating the candidate solution, replacing the current solution and the
radius-decreasing process.

In two-dimensional space, the initial search center is presented by Formula (19).

_ upperlimit + lowerlimit

: ; (19
The initial radius of the search is:
- max(upperlimit) - min(lowerlimit) 20)

’ 2
Then, VS algorithm uses C,(s) :{Sl’sz"“’sn} in Gaussian distribution to generate

the initial candidate solution set, where n represents the number of solution sets as in
Formula (21).

1 1 T
p(x/m,s)=—exp(—— x—u) o’ x—yj

Finally, there is the radius-decreasing process, where the algorithm uses an incom-
plete gamma function to decrease the value of the radius at each iteration as in Formulas
(22) and (23).

1
0, =0, (X]y()\,a) (22)

y(Aa)= IOA et dt 23)

The algorithm flow chart is shown in Figure 3.
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Figure 3. The flow chart of VS algorithm.

In the process of the VS algorithm, the position information of the vortex center is
mapped to the optimization problem, which is a feasible solution of a D-dimensional
vector, and the dimension of the vector corresponds to the QoS attribute. The VS algo-
rithm is a global optimization algorithm. Accordingly, it is suitable for solving the ser-
vice composition grouping process in the global strategy of multi-service composition.
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3.2. Artificial Bee Colony Algorithm

The artificial bee colony algorithm (ABC) is a heuristic intelligent search algorithm
created by Karaboga in 2005 based on bee colony behavior. In the process of operation,
the ABC algorithm uses different behaviors of three kinds of bees, namely hired bees,
observed bees and scout bees, to solve an optimization problem.

The hired bees will inform the observed bees of the food source information
through a wagging dance, and the observed bees will choose the food source and search
around the food source. The scout bees are responsible for finding new food sources,
and the amount of honey in the food source is expressed as the value of fitness. When
collecting honey, hired bees and observed bees implement the local search. According to
the honey source information, appropriate areas are selected for mining, and excellent
honey source information is preserved in accordance with the greedy principle. In the
later stage of the algorithm, the final goal of the problem is achieved through a continu-
ous iterative process.

The ABC algorithm obtains the best solution to the problem through continuous
search behavior. A flow chart of the ABC algorithm is shown in Figure 4.
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Calculate fitness
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—

Redistribute the
observed bees

Allocate the best
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Record the location

v

Produce scout bees

|

Renewal of food
source

Whether the target is
met

Y

N A
End

Figure 4. The flow chart of ABC algorithm.
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In the process of the ABC algorithm, the honey-gathering behavior of bees can be
mapped to the optimization problem, the food source is the feasible solution set of the
optimization problem, the amount of honey in the food source is the optimization value
of the optimization problem, and the process of searching and picking honey is the pro-
cess of solving the problem. Accordingly, the vector generated by the fitness value of the
ABC algorithm can be presented as the attribute vector of QoS. Since the ABC algorithm
is a local optimization, it is suitable for solving the service composition process in the
global strategy of multi-service composition.

3.3. VS-ABC Hybrid Search Algorithm

The vortex search algorithm (VS) is a global search algorithm with a large search
range. It is usually used to solve a single-target solution set. The artificial bee colony al-
gorithm (ABC) is a swarm optimization algorithm with prominent local search. Wang et
al. proposed a novel hybrid vortex search and artificial bee colony algorithm for numeri-
cal optimization problems [33]. Simplified from the hybrid algorithm, a new VS-ABC
hybrid search algorithm is formed. In this study, the process of service composition is
defined as the local optimization stage, and the process of service composition regroup-
ing is defined as the global optimization stage. Therefore, combined with the advantages
of VS and ABC algorithms, the global search is carried out based on the local optimal so-
lution of the ABC algorithm, so as to expand the search scope of the algorithm and
maintain the characteristics of fast convergence. The search speed of the internal compo-
sition process is ensured, and the search scope of the external composition stage is en-
larged, which further ensures the accuracy of the target solution. It is optimized in both
time and space, and the possibility of falling into a local optimal solution is reduced.

In the local search stage, firstly, based on the ABC algorithm, the formula

x/_xk/

v, =X+ x(xu ) is used to generate the initial solution and calculate the fitness.
Then, the optimal value is achieved by the greedy selection of the observed bees, and the
cycle is stopped when a solution satisfying the target appears. After that, the global
search is started by the VS algorithm. Starting from the local optimal solution i gener-
ated in the local search stage, the iteration radius is calculated according to the formula
max (upperlimit) —min ( Iowerlimit)
° 2
tion. The global optimal solution is obtained after the cycle.
The flow chart of the hybrid VS5-ABC algorithm is shown in Figure 5.

;r, and y are changed by Gaussian distribu-
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Figure 5. The flow chart of hybrid VS-ABC algorithm.

The composition path of multiple service groups of the hybrid search algorithm can
be represented by the vector of optimal solutions.
The pseudo-codes of the VS-ABC algorithm are described as follows (Algorithm 1):

Algorithm 1. Initializing the population of solutions x;, i=1, 2,..., n.
1: Produce new solutions vj; for the hired bees and evaluate them.

: Greedy selection of hired bees.

IF

: Allocated the best food source

X

best — Ujj

ELSE

: Produce new solutions vij for the hired bees and evaluate them
: Greedy selection of hired bees

Hy = Xpest

: Generate candidate solutions

: Border control

: REPEAT

[ —
N = O
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13: IF
14: xvest is better than g,

15: p, =x
16: ELSE
17: py =x'

best

18: Decrease search radius
19: END

3.4. Validation of VS-ABC Algorithm

In order to test the effectiveness of the VS-ABC algorithm and whether it has the
ability to escape from the local optimal state, three benchmark functions, including
Sphere, Rastrigin and Griewank functions, are used to verify the algorithm. Among
them, Rastrigin and Griewank are multi-modal functions with multiple extreme values
in the domain of the functions. Different from the previous two functions, Sphere is a
unimodal function with only one extreme value in the domain of the function. The de-
tails of the functions are shown in Table 12.

Table 12. The information of benchmark functions.

Function Expression Range fomin
Sphere fx=>x [-100, 100] 0
i=1
Rastrigin fx=(x7 -10(cos2px,)+10) [~100, 100] 0

i=1

1 30 ) 30 X
Gri k X=——> X - —+ |+1 -600, 600 0
riewan f4 2000 ; ; 11_1[[ \/;] [ ]

In order to compare the performance of three different algorithms, namely the vor-
tex search algorithm, ABC algorithm and VS-ABC algorithm, the maximum number of
iterations in this experiment is set to 100, the number of solution sets and initial popula-
tion SN of the algorithm is set to 20, and the three algorithms are independently run 20
times. According to the running results, the changes in the optimal value, minimum
value, average value and standard deviation of the three algorithms applied on three
functions are recorded. The detailed data are shown in Tables 13-15.

Table 13. The numerical results of Sphere.

Algorithm fmin Fitness Average Standard Deviation
ABC 3.9545 4.4347 4.3096 0.4409
VS 4.0695 4.6924 4.6431 0.0104
VS-ABC 4.7376 4.8095 4.8054 0.0012

Table 14. The numerical results of Rastrigin.

Algorithm fmin Fitness Average Standard Deviation
ABC 0.4261 4.4347 4.3096 1.4509
VS 0.9478 4.6224 4.6431 0.0114

VS-ABC 1.1202 4.8095 4.8054 0.0016
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Table 15. The numerical results of Griewank.
Algorithm fmin Fitness Average Standard Deviation
ABC 5.7677 10.1443 8.6487 2.0294
VS 7.7625 10.7214 10.6854 0.0142
VS-ABC 10.8524 11.8920 11.8896 0.0014

As can be seen from the above three tables, the standard deviation of the ABC algo-
rithm is the largest among the three functions, while the average value is the overall
smallest among the three algorithms. The solution accuracy of the ABC algorithm is rela-
tively low, and the algorithm fluctuates greatly as it is in an unstable state. In solving
multi-modal functions, the disadvantage of the algorithm in global searches is especially
obvious. Although the standard deviation of the VS algorithm is small compared with
the VS-ABC algorithm, there is still some difference in its solving ability of complex
problems, which is still insufficient. The VS-ABC algorithm has excellent performance
among the three algorithms, and the value of standard deviation is small, indicating that
the VS-ABC algorithm has high solving ability and solving accuracy. Therefore, the VS
ABC algorithm has the best global search and local search abilities among the three algo-
rithms.

Sphere, Rastrigin and Griewank functions are iterated, and the convergence curves
of the three algorithms are shown in Figure 6.
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Figure 6. The convergence curve of three functions. (a) The convergence curve of Sphere. (b) The
convergence curve of Rastrigin. (¢) The convergence of Griewank.

Figure 6 illustrates a scenario where the fitness value of the ABC algorithm shows
the largest downward trend with the continuous increase in the number of iterations,
especially in solving multi-peak functions with multiple extreme values. Due to the dis-
advantage of the ABC algorithm in its global search ability, the ABC algorithm is more
likely to fall into the local optimal state than the other two algorithms, and the conver-
gence speed of the ABC algorithm shows a downward trend. Under the same fitness
value, the ABC algorithm needs a larger time span to find the optimal solution, and the
gap with other algorithms will become more and more obvious as the number of itera-
tions increases. The VS algorithm has a higher overall performance than the ABC algo-
rithm, and it does not converge in advance. However, its local search ability is not out-
standing, and the optimal value is still far from that of the hybrid search algorithm. The
optimal value of the VS algorithm is still quite different from that of the hybrid search
algorithm. With the increase in the number of iterations, the VS-ABC algorithm has
more obvious advantages in global and local search abilities, and the performance of its
fitness value is the best among the three algorithms. Furthermore, the VS-ABC algo-
rithm has excellent solution accuracy and relative stability, which can escape from the
state of local maximum.

4. Experiment Simulation

The proposed evaluation model and optimization algorithm are applied to the
problem of a personalized automobile product customization service. Existing automo-
bile manufacturers are mostly small- and medium-sized enterprises, and it is difficult to
complete the whole life cycle of automobile production by themselves. Problems such as
long delivery cycle, high manufacturing cost and insufficient manufacturing resources
are common. Therefore, enterprises need to use cloud manufacturing service platforms
to search for idle manufacturing resources and improve their utilization to complete the
customization of automobile manufacturing tasks, so that products can be delivered to
customers on time. Cloud manufacturing can integrate the resources of the entire auto-
mobile manufacturing enterprise and allocate them according to demand, completing
the coordination of information and services. Optimizing the cloud manufacturing ser-
vice composition and realizing the coordination and centralized management of distrib-
uted manufacturing resources can improve the production efficiency and benefits.

First of all, the automobile manufacturing tasks are decomposed. The cloud service
platform is used to conduct a preliminary analysis on the characteristics, relevant pa-
rameter constraints and correlation model of the vehicle. Based on T, C, E, R and A, the
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sub-service and sub-service composition are matched twice and the VS-ABC algorithm
is combined to find the optimal service composition strategy. Meanwhile, the results are
compared with the VS algorithm and the ABC algorithm through experiments to verify
the applicability of the VS-ABC algorithm.

4.1. Optimizing the Composition of Customized Services for Personalized Automotive Products

Combined with problem model in Section 2.2.2 and the VS-ABC algorithm, the fit-
ness calculation formula of multi-service composition optimization can be obtained:

fit(MSC, ) = q' (MSC, )x W +¢* (MSC,)x W? + ¢’ (MSC, )x W, +

24
q* (MSC,)x W} +¢° (MSC, ) x W} 4

SMCi represents the Ith execution path of the multi-service composition. Based on
the general applicability, let Wi=W2=Ws=Wi=Ws. The QoS attribute vector set of multi-

service compositions can be expressed as g = [ql,qz,qe',q“,qﬂ. Then, the VS-ABC algo-
rithm is used to optimize the problem based on these data.

To sum up, the multi-service combinatorial optimization problem is transformed
into a mathematical problem and mapped by the VS-ABC algorithm to obtain the objec-

tive function max ﬁiQOS(SMC,) so as to obtain the optimal QoS value of multi-service

composition.
The mapping between the algorithm and the optimization problem is shown in Ta-
ble 16.

Table 16. Mapping relationship between VS-ABC and optimization problem.

Optimization Problem VS-ABC Algorithm
Solution of service composition MSCi The center of the vortex
QoS value of the service composition Fitness value

Multi-service composition path Optimal search for vortex center
Dimensions of QoS attributes Food source dimension

4.2. Result Analysis
4.2.1. Convergence Analysis

Test environment: CPU Intel Core 13-10105F, 3.7 GHz, 4G portable computer. The
test was carried out with simulation experiments through MATLAB.

The convergence of the three algorithms is compared on the basis of the number of
subtasks (n = 10 and n = 50), the number of sub-services (J = 100) and the number of itera-
tions (100). The experimental results are shown in Figures 7 and 8.
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Figure 7. The trend of average fitness for 10 tasks for three algorithms.
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Figure 8. The trend of average fitness for 50 tasks for three algorithms.

It can be clearly seen from Figures 7 and 8 that the VS-ABC algorithm has a signifi-
cant enhancement in convergence speed, and the more iterations (more than 30 times)
there are, the greater the advantage of the hybrid search algorithm.

The VS-ABC algorithm is significantly faster in convergence speed. The ABC algo-
rithm can enter the stable stage of convergence quickly, and its convergence is good, but
its global search ability is insufficient. The larger the search space, the more obvious the
disadvantage. The VS algorithm has a large search range in the early stage, but its con-
vergence speed is slow. As the number of sub-services continues to increase, the VS al-
gorithm’s problems become more and more obvious. As for the VS-ABC algorithm, be-
cause it combines the advantages of the VS and ABC algorithms, it has fast operation
speed and a large search range. Furthermore, it is superior to the first two algorithms in
both efficiency and effect of optimization, and its ability to avoid local optimums
strengthens its stability.

The mean and standard deviation of fitness of the three algorithms are shown in
Table 17.

Table 17. Mean value and standard value of fitness in three algorithms.

Number of Subtasks Algorithm Average Standard Deviation
ABC 2.67 1.1537
n=10 VS 2.74 0.8902
VS-ABC 2.86 0.9457
ABC 4.27 1.4187
n=>50 VS 4.35 1.2336
VS-ABC 4.53 1.0088

As can be seen from Table 17, compared with the VS algorithm ABC algorithms, the
VS-ABC algorithm has smaller standard deviation and better stability. Meanwhile, the
standard deviation of the hybrid search algorithm changes least when the number of
subtasks 7 increases, indicating that it is more suitable for multi-service composition op-
timization.

4.2.2. Time Performance Analysis

In order to evaluate the speed of the VS-ABC algorithm, the number of manufac-
turing subtasks is n =100, and the number of sub-services ranges from J = 100 to ] = 1000.
The running-time trend of the algorithm is shown in Figure 9.
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Figure 9. The trend of three algorithms’ running time (n = 100, ] = 100-1000).

When the number of sub-services is | =400, and the number of manufacturing sub-
tasks is from n =100 to n = 1000, the algorithms’ running-time trend graphs can be ob-
tained, as shown in Figure 10.
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Figure 10. The trend of three algorithms’ running time (J = 400, n = 100-1000).

It can be seen from Figure 9 that the change in the number of sub-services has little
influence on the algorithm’s efficiency, but the VS-ABC and VS algorithms are obvious-
ly superior to the ABC algorithm. According to the analysis of Figure 10, as the number
of manufacturing subtasks increases, the difference in computing speed among the three
algorithms becomes larger and larger, and the VS-ABC algorithm is still superior to the
other two algorithms in terms of computing time.

In conclusion, the VS-ABC algorithm has better processing efficiency and effect
than the VS and ABC algorithms in finding the optimal multi-service composition strat-
egy. At the same time, it has better stability and applicability in the application.

5. Conclusions

To address the problem where traditional service composition optimization strate-
gy struggles to meet the personalized product manufacturing requirements under a
cloud manufacturing mode, this study aims to analyze the relationship between manu-
facturing tasks and service composition, builds the evaluation model of service quality,
and discusses the VS-ABC algorithm and its application. The main research results are
as follows:
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(1) According to the supply chain management mode of product customization, the
system structure and customization process of cloud manufacturing are construct-
ed. This study analyzes the inadaptability of traditional service composition strate-
gy in customization production modes. According to the recursion of service com-
position, the response of a single-service group is improved to a multi-service
group, and the optimization strategy of multi-service composition for product cus-
tomization is established;

(2) The QoS evaluation model is established. Based on the constraint conditions of cost,
time, energy, reliability and availability, the evaluation composition of weighted
QoS attribute values is obtained by weighted calculation of the constraint condi-
tions, and a multi-service composition strategy is provided;

(38) The VS-ABC algorithm is introduced, which combines the characteristics of the VS
algorithm in covering the global search space and the ABC algorithm in covering
local search. The VS-ABC algorithm not only expands the search scope but also en-
sures the convergence speed, improves the problem’s tendency to fall into the local
optimal solution, and improves the accuracy of the optimal solution. Meanwhile,
three benchmark functions are used to verify the effectiveness of the VS-ABC algo-
rithm. The validation confirms that the VS-ABC algorithm can effectively avoid
falling into the state of local optimal solutions, and the stability is outstanding;

(4) A case study is considered and analyzed. The manufacturing tasks are decomposed
and the sub-service groups are matched twice, which verifies the effectiveness of
the proposed QoS mathematical model. Compared with the convergence effect and
speed of the VS and ABC algorithms, the stability of the VS-ABC algorithm is supe-
rior.

In addition, our study does not deeply discuss and study how to collect and update
real-time data of manufacturing resources, and we also should consider the processing
of urgent orders adequately. The above problems will be studied in subsequent works.
Regarding algorithms, we will try to implement a comparative study with different me-
ta-heuristic algorithms to verify the solving ability of the VS-ABC algorithm.

Author Contributions: Conceptualization, funding acquisition, supervision, writing—review and
editing, D.L.; project administration, visualization, writing—original draft, ]. W.; methodology, re-
sources, R.B.; data curation, L.L.; formal analysis, investigation, Y.L. All authors have read and
agreed to the published version of the manuscript.

Funding: This research is supported by the China Scholarship Council (File No. (201908210398)).
Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Sun, X;; Wandelt, S.; Zhang, A. On the degree of synchronization between air transport connectivity and COVID-19 cases at
worldwide level. Transp Policy 2021, 105, 115-123. https://doi.org/10.1016/j.tranpol.2021.03.005.

2. Bohu, L, Lin, Z; Xudong, C. Introduction to cloud manufacturing. ZTE Commun. 2010, 16, 6-8. Available online:
https://www.zte.com.cn/global/about/magazine/zte-communications/2010/4/en_140/196752.html (accessed on 25 August
2010).

3. Li; HB.; Zhang, L.; Ren, L.; Chai, D.X;; Tao, F.; Luo, L.Y.; Wang, Z.Y.; Yin, C.; Huang, G. Further discussion on cloud manu-
facturing. Comput. Integr. Manuf. Syst. 2011, 17, 449-457. https://doi.org/10.13196/j.cims.2011.03.3.1ibh.004.

4. Attiya, I; Abualigah, L.; Alshathri, S.; Elsadek, D.; Abd Elaziz, M. Dynamic Jellyfish Search Algorithm Based on Simulated
Annealing and Disruption Operators for Global Optimization with Applications to Cloud Task Scheduling. Mathematics 2022,
10, 1894. https://doi.org/10.3390/math10111894.

5. Zhang, L. Luo, Y,; Tao, F.; Li, B.H.; Ren, L.; Zhang, X.; Guo, H.; Cheng, Y.; Hu, A.; Liu, Y. Cloud manufacturing: A new manu-
facturing paradigm. Enterp. Inf. Syst. 2018, 8, 167-187. https://doi.org/10.1080/17517575.2012.683812.

6. Wang, F; Laili, Y,; Zhang, L. A many-objective memetic algorithm for correlation-aware service composition in cloud manu-

facturing. Int. ]. Prod. Res. 2020, 59, 1-19. https://doi.org/10.1080/00207543.2020.1774678.



Mathematics 2022, 10, 3968 25 of 26

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Li, F.; Zhang, L.; Liu, Y.K. QoS-aware service in Cloud Manufacturing: A Gale-Shapley Algorithm-Based Approach. IEEE
Trans. Syst. Man Cybern. Syst. 2020, 50, 2386-2397. https://doi.org/10.1109/TSMC.2018.2814686.

Wang, J. Research on sustainable evolution of China's cloud manufacturing policies. Technol. Soc. 2021, 66, 101639.
https://doi.org/10.1016/j.techsoc.2021.101639.

Hu, Y,; Pan, L.; Gu, D.; Wang, Z,; Liu, H.; Wang, Y. Matching of Manufacturing Resources in Cloud Manufacturing Environ-
ment. Symmetry 2021, 13, 1970. https://doi.org/10.3390/sym13101970.

Hu, Y.; Zhang, Z.; Wang, J.; Wang, Z.; Liu, H. Task Decomposition Based on Cloud Manufacturing Platform. Symmetry 2021,
13, 1311. https://doi.org/10.3390/sym13081311.

Singh, R.; Gehlot, A.; Akram, S.V.; Gupta, L.R,; Jena, M.K; Prakash, C.; Singh, S.; Kumar, R. Cloud Manufacturing, Internet of
Things-Assisted Manufacturing and 3D Printing Technology: Reliable Tools for Sustainable Construction. Sustainability 2021,
13, 7327. https://doi.org/10.3390/su13137327.

Zhang, C.; Zhang, C.; Zhuang, J.; Han, H; Yuan, B.; Liu, J.; Yang, K.; Zhuang, S; Li, R. Evaluation of Cloud 3D Printing Order
Task Execution Based on the AHP-TOPSIS Optimal Set Algorithm and the Baldwin Effect. Micromachines 2021, 12, 801.
https://doi.org/10.3390/mi12070801.

Lee, K.-L.; Roesinger, A.; Hommel, U. Development and Practice of Industry 4.0 in China—Practical Experience of a German
Industrial Software Company in China. Sci 2022, 4, 28. https://doi.org/10.3390/sci4030028.

Lin, Y.K.; Chong, C.H. Fast GA-based project scheduling for computing resources allocation in a cloud manufacturing system.
J. Intell. Manuf. 2017, 28, 1189-1201. https://doi.org/10.1007/s10845-015-1074-0.

Yang, Y.; Yang, B.; Wang, S.; Liu, W.; Jin, T. An Improved Grey Wolf Optimizer Algorithm for Energy-Aware Service Compo-
sition in Cloud Manufacturing. Int. |. Adv. Manuf. Technol. 2019, 105, 3079-3091. https://doi.org/10.1007/s00170-019-04449-9.
Zhang, W.; Xiao, J.; Zhang, S; Lin, ]J.; Feng, R. A utility-aware multi-task scheduling method in cloud manufacturing using
extended NSGA-II embedded with game theory. Int. ]. Comput. Integr. Manuf. 2021, 34, 175-194.
https://doi.org/10.1080/0951192X.2020.1858502.

Gavvala, S.K.; Jatothb, C.; Gangadharan, G.R.; Buyyad, R. QoS-aware cloud service composition using eagle strategy. Future
Gener. Comput. Syst. 2019, 90, 273-290. https://doi.org/10.1016/j.future.2018.07.062.

Maryam, R.N.; Koroush, E.; Omid, F.V. Topology analysis of manufacturing service supply-demand hyper-network consider-
ing QoS properties in the cloud manufacturing system. Robot. Comput. -Integr. Manuf. 2021, 72, 102205.
https://doi.org/10.1016/j.rcim.2021.102205.

Khan, A.; Umar, A.L; Shirazi, S.H.; Ishaq, W.; Shah, M.; Assam, M.; Mohamed, A. QoS-Aware Cost Minimization Strategy for
AMI Applications in Smart Grid Using Cloud Computing. Sensors 2022, 22, 4969. https://doi.org/10.3390/522134969.

Sefati, S5.S.; Halunga, S. A Hybrid Service Selection and Composition for Cloud Computing Using the Adaptive Penalty Func-
tion in Genetic and Artificial Bee Colony Algorithm. Sensors 2022, 22, 4873. https://doi.org/10.3390/s22134873.

Liu, W.; Zhang, X.; Feng, W.; Huang, M.; Xu, Y. Optimization of PBFT Algorithm Based on QoS-Aware Trust Service Evalua-
tion. Sensors 2022, 22, 4590. https://doi.org/10.3390/s22124590.

Rakrouki, M.A.; Alharbe, N. QoS-Aware Algorithm Based on Task Flow Scheduling in Cloud Computing Environment. Sen-
sors 2022, 22, 2632. https://doi.org/10.3390/s22072632.

Syed, S.A.; Rashid, M.; Hussain, S.; Azim, F.; Zahid, H.; Umer, A.; Waheed, A.; Zareei, M.; Vargas-Rosales, C. QoS Aware and
Fault Tolerance Based Software-Defined Vehicular Networks Using Cloud-Fog Computing. Sensors 2022, 22, 401.
https://doi.org/10.3390/s22010401.

Babbar, H.; Rani, S.; Singh, A.; Abd-Elnaby, M.; Choi, B.J. Cloud Based Smart City Services for Industrial Internet of Things in
Software-Defined Networking. Sustainability 2021, 13, 8910. https://doi.org/10.3390/su13168910.

Ben Alla, S.; Ben Alla, H.; Touhafi, A.; Ezzati, A. An Efficient Energy-Aware Tasks Scheduling with Deadline-Constrained in
Cloud Computing. Computers 2019, 8, 46. https://doi.org/10.3390/computers8020046.

Zhu, K;; Li, L.D,; Li, M. School Timetabling Optimisation Using Artificial Bee Colony Algorithm Based on a Virtual Searching
Space Method. Mathematics 2022, 10, 73. https://doi.org/10.3390/math10010073.

Li, M,; Wang, G.-G.; Yu, H. Sorting-Based Discrete Artificial Bee Colony Algorithm for Solving Fuzzy Hybrid Flow Shop
Green Scheduling Problem. Mathematics 2021, 9, 2250. https://doi.org/10.3390/math9182250.

Yildizdan, G.; Baykan, O.K. A New Hybrid BA_ABC Algorithm for Global Optimization Problems. Mathematics 2020, 8, 1749.
https://doi.org/10.3390/math8101749.

Safayenikoo, H.; Khajehzadeh, M.; Nehdi, M.L. Novel Evolutionary-Optimized Neural Network for Predicting Fresh Concrete
Slump. Sustainability 2022, 14, 4934. https://doi.org/10.3390/su14094934.

Grisales-Norena, L.F.; Montoya, O.D.; Hincapié-Isaza, R.A.; Granada Echeverri, M.; Perea-Moreno, A.-J. Optimal Location and
Sizing of DGs in DC Networks Using a Hybrid Methodology Based on the PPBIL Algorithm and the VSA. Mathematics 2021,
9, 1913. https://doi.org/10.3390/math9161913.



Mathematics 2022, 10, 3968 26 of 26

31. Paz-Rodriguez, A.; Castro-Ordofiez, J.F.; Montoya, O.D.; Giral-Ramirez, D.A. Optimal Integration of Photovoltaic Sources in
Distribution Networks for Daily Energy Losses Minimization Using the Vortex Search Algorithm. Appl. Sci 2021, 11, 4418.
https://doi.org/10.3390/app11104418.

32. Martinez-Gil, J.F.; Moyano-Garcia, N.A.; Montoya, O.D.; Alarcon-Villamil, J.A. Optimal Selection of Conductors in Three-
Phase Distribution Networks Using a Discrete Version of the Vortex Search Algorithm. Computation 2021, 9, 80.
https://doi.org/10.3390/computation9070080.

33. Wang, Z.; Wu, G,; Wan, Z. A novel hybrid vortex search and artificial bee colony algorithm for numerical optimization prob-
lems. Wuhan Univ. J. Nat. Sci. 2017, 22, 295-306. https://doi.org/10.1007/s11859-017-1250-5.



