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Abstract The state of equipment resources in cloud manufacturing environment is highly dynamic, and traditional
resource selection methods are difficult to adapt to the complex and changing manufacturing environment. Changes
in the service capacity of equipment resources lead to fluctuations in the quality of task service and affect the stability
of the manufacturing process. In this paper, a dynamic selection strategy for equipment resources in cloud
manufacturing environment based on multi-intelligence body evolutionary algorithm is proposed to solve the
problem of service quality fluctuation caused by changes in the service capability of equipment resources during
the execution of manufacturing tasks. The study establishes a mathematical model for cloud manufacturing
equipment resource selection, comprehensively considers total time, total cost and service quality multi-objective
optimization, and achieves dynamic resource preference through intelligent body grid neighborhood competition
and self-learning mechanism. The dynamic evolution model of cloud manufacturing task service quality considering
the influence of resource service capability change is further constructed, and the dynamic resource selection
strategy and the minimum QoS requirement checking mechanism are designed to guarantee the stable control of
the system. Simulation results show that the proposed algorithm outperforms the comparison algorithm in terms of
convergence, solution efficiency and solution quality, and the average running time is only 2.63 seconds, which is
50% faster than the NSGA-II algorithm; under the level 5 interference level, the shortest processing time of this
paper's strategy is 3.58 hours, and the lowest cost is $271.44, and the quality of service satisfaction is 88.17%,
which is superior to the NSGA-II algorithm. The case study verifies the application value of the proposed method in
the actual cloud manufacturing environment, and provides new ideas to improve the resource allocation efficiency
and stability of cloud manufacturing system.

Index Terms Cloud manufacturing environment, Multi-intelligent body evolutionary algorithm, Dynamic selection of
equipment resources, Service quality, Multi-objective optimization

|. Introduction

Cloud manufacturing is based on technologies such as cloud computing, Internet of Things, big data and artificial
intelligence, which encapsulate manufacturing resources into cloud services and form a cloud manufacturing service
pool for unified management, and at the same time provide readily accessible, on-demand, safe and reliable, high-
quality and inexpensive services for all types of manufacturing activities for the whole manufacturing life cycle
process [1]-[4]. Meanwhile, with the support of cloud computing and other technologies, the efficient utilization of
manufacturing resources can be achieved by invoking appropriate services among the massive cloud services
according to the user's needs [5], [6]. However, although there are a large number of cloud services in the
manufacturing cloud, individual cloud services often have a single function and cannot meet the demands of
complex manufacturing operations [7]. Therefore, how to efficiently and dynamically combine these individual cloud
services in the manufacturing cloud to form a new powerful value-added cloud service portfolio to meet the complex
application requirements of different customers and realize the value-addedness and efficiency of cloud services is
the focus, difficulty and hotspot of research work.

The large influx of manufacturing resources and the diversity of manufacturing resources complicate a
manufacturing task, which needs to be decomposed into appropriately sized sub-tasks and needs to be matched
with a cloud manufacturing service for each manufacturing task to form a service portfolio for the user to use [8]-
[11]. As one of the key ways to improve the utilization of cloud manufacturing resources and achieve value-added
manufacturing resources, manufacturing cloud service portfolio plays an important role in the implementation and
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conduct of cloud manufacturing [12], [13]. Since the cloud manufacturing platform concentrates a huge number of
cloud services with similar functional attributes but very different non-functional attributes, direct combination
optimization will affect the optimization efficiency, and it is necessary to evaluate the initial selection of cloud
manufacturing services first [14]-[16]. Therefore, selecting appropriate cloud services from a large number of cloud
device resources has become a key issue in the field of cloud manufacturing.

Cloud manufacturing is a new generation of manufacturing model, which virtualizes and serves the management
of manufacturing resources and manufacturing capabilities through a cloud platform to realize the intelligent
allocation and cooperative operation of manufacturing resources. In the cloud manufacturing environment, dynamic
changes in the state of equipment resources have a significant impact on the execution of production tasks.
Fluctuations in the service capacity of equipment resources may lead to delays in the completion time of production
tasks, cost increases, and service quality degradation, seriously affecting the overall operational efficiency of the
manufacturing system. Therefore, how to design efficient resource selection strategies for the dynamic
characteristics of equipment resources in the cloud manufacturing environment has become an important issue in
the current cloud manufacturing research field. Most of the traditional equipment resource selection methods are
based on static environment assumptions, which are difficult to cope with the complex and changing manufacturing
environment. Static resource selection methods usually perform one-time planning before task execution, and
cannot cope with perturbing factors such as equipment failures, emergency order insertion, and logistics
interruptions that occur during task execution. Optimization algorithms have powerful solving ability in equipment
resource selection, but traditional optimization algorithms have the disadvantages of local optimality and slow
convergence speed when dealing with high-dimensional, multi-constraint and dynamic environment problems.
Multi-intelligent body evolutionary algorithms show strong search ability and anti-interference ability in complex
optimization problem solving by simulating the competitive and cooperative behaviors among multiple intelligences.
Applying intelligent optimization algorithms to the dynamic selection of equipment resources in the cloud
manufacturing environment can effectively improve the resource allocation efficiency and system stability.

Based on the above analysis, this paper proposes a dynamic selection strategy for equipment resources in cloud
manufacturing environment based on multi-intelligent body evolutionary algorithm. Firstly, the basic principle of
multi-intelligent body evolutionary algorithm is studied, and the intelligent body grid organization form as well as the
intelligent body neighborhood competition and self-learning behavior mechanism are analyzed. Second, a
mathematical model of cloud manufacturing equipment resource selection is established, considering total time,
total cost and service quality multi-objective optimization, and the multi-objective optimization problem is
transformed into a single-objective optimization problem by weighted summation method. Again, with respect to the
dynamic change of equipment resource service capability during the execution of cloud manufacturing tasks, a
dynamic evolution model of cloud manufacturing task service quality is constructed by considering the influence of
resource service capability change, and a resource dynamic selection strategy and minimum QoS requirement
checking mechanism are designed to realize system stability control. Finally, the effectiveness and superiority of
the proposed method is verified through simulation experiments and case studies. This study provides theoretical
basis and technical support for the dynamic optimal allocation of equipment resources in cloud manufacturing
environment, which is of great significance for improving the operation efficiency and anti-interference ability of
cloud manufacturing system.

Research on dynamic selection strategy of equipment resources based on intelligent optimization algorithm in cloud manufacturing environment

Il. Dynamic selection strategy for equipment resources based on intelligent optimization
algorithms

1. A.Multi-Intelligent Body Evolutionary Algorithm

Il. A.1) Intelligentsia and Intelligent Body Lattices

An Intelligent Body is a physical or virtual “entity” that, in the context of solving the Portfolio Optimization Problem,

is Intelligent Body agent , a candidate solution to the Portfolio Selection Problem, expressed as a 0-1 vector:
agent:(xl,xz,-~- )eSx =00rLLI<i<N (1)

where x, is the decision variable, x =1 means that item ; is selected, and x =0 means that item ; is not

selected. p is the total number of alternative projects. And g is the search space for the solution of the project

combination item problem, obviously, |S|=2".

In the multi-intelligentsia algorithm [17], all the intelligentsia survive on a toroidal lattice, which is called the
intelligentsia lattice, denoted as . The number of intelligences in the algorithm is expressed in terms of the size
of the intelligent body lattice, denoted as [ size x Lsize - Figure 1] depicts the organization of a multi-intelligent body
grid, where each box denotes an intelligent body and the number in the box is the coordinate position at which the
intelligent body is located. On the lattice of intelligences, a particular intelligence can be denoted as  agent, ,, where
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1<i,j < Lsize . In the multi-intelligent body algorithm, the intelligent body lattice ;0 (of size [sizex Lsize ) IS
initialized using the random generation of jgizex Lsize intelligent bodies.
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Figure 1: The form of a multi-smart grid

Il. A.2) Neighborhood Competitive Behavior of Intelligentsia

The perceived neighborhood of an intelligent agent, ; during competitive behavior is called the competitive
neighborhood, and the perceived range is denoted as R¢ - In general, if the intelligence is not inferior to other
intelligences in the competitive domain, it can survive. Other\lee it will be replaced by a new intelligence.

If N{, is used to denote the set of intelligences within its perceptual neighborhood. For an intelligent body
agent[’].’= (x,%y,7-xy) » if Energy(agent, ) < Energy(agent, ). Where agent = (a,,a,,--,a,)eN;,, and Vae N},
Energy(agent_, ) > Energy(agent) , then the intelligence qgent  is usedto generate a Chlld agent to replace the
intelligence agent, ,

The generation of alternative intelligences agent; ; consists of two ways as follows:

Way 1: Letthe set p denote the ordinal numbers of the bits where the intelligences agent,, and agent,, take
different values, i.e., D={i|l1<i<N,x #a,},then:

, a;, iéDOr(ieDAndRandosz)

agent! . = (2)

7 |1-a,, Other

where 1<i<N. Random isthe {0,1} random number.

Way 2: Using the per-position variation in the evolutionary algorithm, then:
, a,, Random > 1
agent; ; = N 3)
1—-a,, Other

where 1<i<N . Random isarandom number in the interval (0,1).

Il. A. 3) Intelligent body self-learning behavior
In the self-learning behavior, the neighborhood that each intelligent body can perceive is called the self-learning
neighborhood, and the perception range is denoted as ()gRS’g[Lm/z] . At this point, there are at most

((2le +1)° _1) intelligences in the self-learning neighborhood of each intelligence, denoted as the set N,_’"/,. The

purpose of self-learning behavior [18] is to improve the energy of the intelligences themselves.
Conditions for self-learning: for an intelligent body agent,  , it will be given the opportunity to self-learn if

Vagent € N; , , satisfies  Energy(agent, ;) > Energy(agent) .

The intelligent body performs self-learning in the following way:
The learning table (LL),, is a matrix with p rows and 3 columns. If the data in the ;th row within the

learning table matrix is noted as (LL,,LL,,), then the learning table (LL), , satisfies the following conditions:
(1) 1<LL,LL,<N.
() LL, <LL,.
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(3) Vi#j,LL,#LL, Of LL,#LL,.
_ N(N+1)

2
Assuming that the intelligence agent, ; = (x,,x,,---,x,) has been given the opportunity to self-learn, it performs

where 1<i,j<p and , N is the problem size, i.e., the total number of alternative items.

self-renewal to improve its energy in the following ways.
(1) If learning(i, j) =0, go to step 2.
(2) Generate the learning table jj .
(3) Randomly select a row from 7 , assuming thatthe gthrow 1<¢g<p is selected.
)

(4) If x, =#x, 6 then exchange the code of the first 7. and LL , to generate a new intelligence
agent; , :(“"XLL Xy 1) 1<i< N . Otherwise turn to step 3.

(5) If Energy(agenti"j) > Energy(agenti,j) , turn to step 6, otherwise, turn to step 5.
(6) Remove row ¢ from 7 :if 77 is notempty, go to step 3. otherwise, make [earning(i, j)=1 and stop.
(7) Update the smart body, agent, , < agent/ , stop.

Il. A.4) Multi-Intelligent Body Evolution Algorithm Flow

A simple multi-intelligent body evolutionary algorithm includes the initialization of the intelligent body grid, the
constant competition and self-learning among the intelligent bodies, and other behaviors, and the evolution through
a certain number of generations to arrive at the optimal solution or better solution of the problem. The flow of the
multi-intelligent body evolutionary algorithm is shown in Figure @

Algorithmic
evolutionary) termination?

N Y
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Agent; =agent; ;(i=1,j=1)
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N Y
i>Lsize and j>Lsize?

Figure 2: Multi-intelligent evolution algorithm process
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Il. B.Mathematical Model for Cloud Manufacturing Equipment Resource Selection

fis
Il. B.1) Objective function

The dynamic selection strategy of equipment resources in cloud manufacturing environment [19] can be formulated
as a multi-objective optimization problem with the following objective function setting:

minT(e):min{z(Z(pL t(y)j+2[im2@ @, 0t (i, (l+1)q)ﬂ )

J=1 q=1

J=1 q=1

minC(e):min{Z(Z(pL c(y)j-i—Z[ii(pL 0, 5. (l+1)q)ﬂ )

min O(e) = min{i(i%/ (1 -q, (i))ﬂ (6)

(i+1)q (7)

0, There is an information flow between v, and v,

1, There is a material flow between v, and v
(i+)g

b, = {WER,/ >Pur, > Py, > Pur, }
L= {ER,WR,MC,DR} Py, € {0,1}

®)

Eq. (W) is the total time objective function, where Zn“[i%;(g)] denotes the cumulative processing time
i=1

required by sub-demand task CMm7 for the manufacturing resource service CSRN, in the corresponding
manufacturing resource layer 1, and it(lf (i+1)q) denotes the cumulative connection time between the ;th
resource service node in CMR, and th:q th resource service node in CMR,, - Eq. (@) is the total cost objective

function, where Zn:[z(pL c(ij)J represents the sub-requirement task Cum7, for the resource service CSRN, in
-1 '
n-1
the corresponding manufacturing resource layer ; The sum of the required processing costs, Zc(ij,(i+1)q)
i=1
represents the sum of the connection costs of the ; resource service node in CMR, andthe ¢ resource service

node in CMR,, . Equation (H) is the service quality objective function, where q,() is the quality pass rate of
manufacturing resource ; undertaking sub-demand task ;. Eq. (m) is the decision factor, o, indicates whether
the subtask Cm7 is implemented by the ; th manufacturing resource in the corresponding manufacturing
resource layer j ,if yes then o, =1 , otherwise oL, =0.Among them, the manufacturing resource layer parameter
@, includes the enterprise layer ¢, , the shop floor layer ¢, , the cell layer ¢ . and the equipmentlayer ¢ . .

In the actual manufacturing process, the cloud demand-side selects equipment resources with different focuses
in terms of product completion time, total cost and service quality. In this paper, we assign relative weights to each
objective function according to the requirements of the cloud demander, and transform the multi-objective
optimization problem into a single-objective optimization problem with classical weighted summation, i.e.:

minZ = w, L) + o, 0] + o, o) ©)

max Cmax Qmin
where, @,», and @, are the weight coefficients of time, cost, and service quality, respectively, and
o+o,+o,=1. T_.,C_ and @  denote the maximum delivery time required by the cloud demander, the

max >~ max

maximum cost that can be paid, and the minimum quality of service required, respectively.

Il. B.2) Constraints
The cloud manufacturing equipment resource optimization selection model has three main constraints: total time
constraint, total cost constraint and service quality constraint.

(1) Total Time Constraint

The delivery time for the corresponding manufacturing resources of the cloud demand task to complete the task
cannot be greater than the latest delivery time 7_ i
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I, —{Z[ >0, t(ij)} Z[qu) 0., oui, (i+1>q>ﬂ >0 (10)

i=1\_j= i=1 \_j=1 g=1

(2) Total Cost Constraint

The cost of completing the task by the corresponding manufacturing resources of the cloud demand task cannot
be greater than the maximum cost C__ that can be paid by the cloud demand side, i.e:

Co {Z(Z o, c(ij)]+ Z(ZZ@ L UNU +l)q)ﬂ >0 (11)

i=1 \_j i=1 \_j=1 ¢=1
(3) Service quality constraint
The quality pass rate ¢,(i) of the ;th resource service node in CMR, should be no less than the minimum
service quality pass rate @ required by the cloud demander, i.e.:
01,4, > Qi j €[lm,] (12)
Il. C.Resource Dynamic Optimization Strategy
Resource service capability changes during cloud manufacturing task execution are inherently dynamic, leading to
dynamic changes in cloud manufacturing task service quality. For this reason, this section establishes a dynamic
evolution model of service quality in the execution process of cloud manufacturing tasks considering the influence
of resource service capability changes based on the mathematical model of equipment resource selection, and
designs the corresponding resource dynamic preference strategy by combining with the multi-intelligence body
evolutionary algorithm.

Il. C.1) Resource optimization selection objectives

The goal of the dynamic resource selection after the state change of equipment resources is to achieve the optimal
comprehensive quality of service (QoS) at the completion of the cloud manufacturing task, which can be achieved
by calculating and comparing the impact value on the QoS of the task when each candidate resource is responsible
for the machining of a single workpiece in each modal state. The candidate resource that has the best combined
impact on the system is selected as the selected resource, thus guaranteeing the best combined state of the system
in the final state as much as possible. The resource dynamic optimization goal after the change of equipment
resource state can be expressed as follows:

maxW(Bl.ui),Vie{l,~--,q} (13)

where w(-) is the weighting calculation operation. B is the corresponding coefficient matrix. , is the resource
selection strategy for single-piece processing by a single resource in this mode, which can be expressed as:

uf:(ul...uf...um)T (14)

where 4/ e{0,1} and > u’ =1.
Jj=1

The final state of QoS after the completion of a cloud manufacturing task needs to satisfy the corresponding
minimum QoS requirements, i.e., the QoS metrics components such as average service time, average service price,
and average service quality of the cloud manufacturing task all meet their corresponding minimum requirements,
and the resource selection policy needs to be calibrated for the minimum QoS requirements. The estimation of the
QoS final state of the cloud manufacturing task should be estimated and calibrated for the minimum Qo S
requirement for the worst case scenario that causes the most QoS degradation. If the resource selection tendency
of the device based on the determination does not satisfy the minimum QoS calibration, the resource selection
policy needs to be re-determined.

Based on the above equation to determine the resource selection tendency in each mode, further solve the
number of workpieces processed assigned at a single observation moment, so that each index component of cloud
manufacturing task QoS develops towards a stable trend, so that the established cloud manufacturing task QoS
evolution model minimizes the destabilization as much as possible. The solution process of the dynamic evolution
model of cloud manufacturing QoS is shown in Fig. 3.
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Calculates and ranks the combined
QoS values of the selected resources
in normal mode.

v

Estimate the final QoS state using
the resource selection preference in
the worst modality, and perform the

minimum QoS calibration

Select the top m resources to
construct a dynamic evolution
model of QoS for cloud-based tasks

¢ N
Calculate the impact on the QoS of
the task when each resource is

responsible for machining a single
workpiece in each mode.

Does it pass the calibration?

v

Take the resource with the smallest
impact on QoS in each mode as the
resource selection preference in that

With the goal of controlling QoS
stability, construct a state feedback
controller for the model and solve

for the appropriate controller
parameters Ki

mode.

Y

!

The initial resource selection
preference in the worst mode is set
to have the highest impact on the
QoS ofthe task.

Determine the number of artefacts
to be assigned at the next
observation moment by combining
the controller parameters with the
QoS state

Figure 3: Solving process of CMfg task QoS dynamic evolution model

IIl. C.2) Minimum QoS Requirements Calibration

The minimum QoS requirements, i.e., the global and local QoS constraints of the equipment resource demand,
generally contain multiple QoS indicator types such as service time, service price, etc. The worst-case scenarios of
different indicator components may correspond to the resource selection strategies under different modes, so it is
necessary to calibrate according to the types of QoS indicators respectively.

Taking average service time as an example, for the cloud manufacturing task with » total processed workpieces
and ¢ modes, let the resource selection objects under each mode of the task determined by Eq. (14) be 1, ,2, ...,
¢, then the impact of single-piece workpiece processing on the average service time of the QoS of the cloud

manufacturing task represented by each choice can be expressed as:

Rii _Rw‘i
RI-R, |
T =[010-]8u = H[010-]| &
n :
Ry,/l _Rw‘i
| | (15)
1 Cl/ - C()ri CZJ - C{)ri o C’i Car[
:|:0—0i| T T:m T;i_T;ri T;?{_T;ri u’
n : :

(1Sj$q,jeN+)
where C = denotes the service price of the initial preferred resource for this subtask. 7 = denotes the service
elapsed time of the initial preferred resource for this subtask.
Noting that the service time is expressed as a negative value, the maximum decrease in the average service
price can be expressed as:

T2 = min (T, 7, T/
max ttt g
(1<j<q.jeN")
Let a cloud manufacturing task consisting entirely of sequential units have a cloud manufacturing sub-task with a
total number of 5 processed parts and considering ¢ modes, whose worst-case scenario should be considered
at the moment j -1, i.e., jumping to the mode that leads to the largest deterioration in the average service time

between the two observed moments, and keeping it there until the processing is completed. Consider the cloud
manufacturing task consisting entirely of sequential cells, at which point the worst-case estimated average service

(16)
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price T,. obtained from its worst-case expected scenario estimation should satisfy the corresponding local
service time requirement T

req,local

(if it exists) as well as the global service time requirement T, 1€

T;\'ecuted +n- Zvarst + Tpendmg - Treq (1 7)
n: Zmrst = “regq,local
where 7~ denotes the service price of the executed subtask. T iing denotes the expected service price when

the yet-to-be-executed subtask is executed by its initial preferred resource. The average service price Twm can
be found by the following equation:
71w0rst (18)
The minimum QoS checks for QoS metrics such as unit average service time and average quality of service are
similar.

T . +(n-DT

ori max

Il. C.3) Steady-state control

Since the QoS values during the execution of the cloud manufacturing task as a system state, which can be
considered as completely known and without the interference of unknown input signals, a state feedback controller
with control vectors as inputs can be used as a feedback controller for QoS. The state feedback controller for QoS
of cloud manufacturing task can be represented as:

u, =K(r)x, (19)
A QoS closed-loop control system for cloud manufacturing tasks can be constructed, denoted as:
Xpy1 = (A(’)()+B(’7( )K(rk ))xk (20)

x,. is the number of columns of the mth known element in the ;th row of the probability transfer matrix p .

M,,, J, arerelated to the operating state of the state feedback controller, which is satisfied:
{Mio gy M. o) (1)
J, =diag(Jj,s jys s Jy)
where ,, _"™it™Mi and j ="M
o mui + m¢i

The m, and m, denote the upper and lower values of the control gain m, of the state feedback control,

bi
respectively, with:
0<m, <m, <m, (22)

For the state feedback controller of the dynamic evolution model of cloud manufacturing service quality, the control
gain obviously satisfies the properties of stability, consistency and full normal operation, so there is:
m, =m, =1 (23)

The object of resource selection in each post-dlsturbance mode is determined, which requires some of the
elements of the final control vector to have a value of zero. The control vector is determined by vy, Xx,, x ,and
X, is positively determined to require the main diagonal element to be greater than 0, so the element value of the
corresponding row of the unselected resource of the matrix y should be limited to 0. Considering that the number
of assigned artifacts must be an integer, the resource selection strategy determined in the above equation needs to
be rounded at last, and it can still maintain a certain control performance, and the final resource selection strategy
u, can be expressed as follows:

u, = ([”1*1(] [, 1+ [u, ])T (24)

lll. Simulation of dynamic resource optimization and case studies
lll. A. Simulation analysis of algorithm convergence
The multi-intelligent body evolutionary algorithm is used to solve the instance model of dynamic selection of cloud
manufacturing equipment resources in Matlab2010a computing environment. The parameters are set as follows:
initial population size is N=100, maximum number of iterations is 200, crossover probability Pc=0.8, and variance
probability Pm=0.005. The ratio of completely non-dominated solutions in each generation is calculated, and the
average fitness values of the three objective functions of total time, total cost, and service quality in the instantiated
model are computed for the populations of each generation, respectively.

Figure 4 illustrates the average fitness values of the three objective functions and the ratio of fully non-dominated
solutions. Figure (a) shows the average fithess values of the objective functions, from which it can be seen that the
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average fitness of the three objective functions of total time, total cost, and service quality can be stabilized between
20 generations of program operation, with convergence values of 344.63, 193.27, and 137.78, respectively. Fig. (b)
shows the ratio of fully nondominated solutions, and the trend of the folded line in the figure shows that the fully
nondominated solutions in each generation eventually converge to about 0.4 after 60 generations of computation.
The computational results indicate that the multi-intelligent body evolutionary algorithm used in this paper has strong
convergence and can find more high-quality solution sets.

400 4 0.4 4
o \
= j \
= o X
g 30 0.3
]
o 300 H —— Total time 2
= Total cost = 0.2 1
» 250 5 : :
£n Service quality
5 2004 .
>
<

150 - 0.0 | Completely non-dominant solution

T T T T T T T ' T J T X T '
0 50 100 150 200 0 50 100 150 200
Epoch Epoch

(a) Average fitness value (b) Ratio of completely non-dominant solution

Figure 4: The average fithess value and the total non-dominant solution ratio

lll. B. Comparison of the effects of dynamic resource optimization

In order to verify the effectiveness of the multi-intelligent body evolutionary algorithm used in this paper in solving
the dynamic optimal selection problem of cloud manufacturing equipment resource services, a multi-objective
optimization algorithm based on genetic algorithm (GA) in Matlab2010a Optimization Algorithms Toolbox with the
introduction of Particle Swarm Optimization (PSO) algorithm, Strength Pareto Evolutionary Algorithm (SPEA), and
Non-Dominated Sorting Genetic Algorithm 1l ( NSGA-II), which are utilized to solve the dynamic optimal selection
problem of cloud manufacturing equipment resource services. With the same parameter settings, i.e., initial
population size of N=100, maximum number of iterations of 200, crossover probability of Pc=0.8, and mutation
probability of Pm=0.005, the several algorithms are compared and analyzed. Thirty sets of experiments were
conducted separately, and the average value of the shortest time, the average value of the lowest cost, the average
value of the service quality satisfaction, the average number of completely non-dominated solutions, and the
average running time of each algorithm in the problem of solving the dynamic optimization of the cloud
manufacturing equipment resource service selection problem were used as the algorithms' solving performance
evaluation indexes. The results of the performance metrics of the five algorithms for solving the resource dynamic
optimization selection problem are obtained as shown in Table 11,

As can be seen from the table, the average value of the shortest time (35.34h), the average value of the lowest
cost (482.25Yuan), the average value of the service quality satisfaction (95.82%), the average number of completely
non-dominated solutions (23.24), and the average runtime (2.63s) of this paper's algorithms for solving the dynamic
optimization of resource service selection problem for cloud manufacturing equipment are better than those of the
comparison algorithms. The data show that the multi-intelligent body evolutionary algorithm used in this paper is
able to find more fully non-dominated solutions, more efficient in solving, and better in the performance of the
resulting solutions than several other algorithms.

Table 1: The results of the performance index are solved

Algorithm
Index
Ours GA PSO SPEA NSGA-II
Time (h) 35.34 37.40 38.79 37.27 36.41
Cost (Yuan) 482.25 497.59 506.25 503.90 494.00
Average Satisfaction (%) 95.82 89.37 87.52 90.05 92.86
Nondominant solution 23.24 12.30 15.69 17.81 20.36
Running time (s) 2.63 414 8.65 13.48 5.25
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lll. C. A Case of Manufacturing Resource Optimization Based on Cloud Subchaining
In this section, the NSGA-II algorithm is used to compare with the method of this paper for the case study of dynamic
selection of cloud manufacturing equipment resources. Before conducting the case analysis, the disturbance level
is divided into 1~5 levels by setting the probability of the appearance of disturbance factors such as service resource
failure, emergency order arrival, and logistics interruption, which represent the degree of change of the cloud
manufacturing environment, in order to analyze the anti-disturbance ability of the two algorithms in the preferred
case. The evaluation metrics are still the QoS metrics from above, i.e., shortest time, lowest cost, and quality of
service satisfaction.

Table Q shows the results of anti-interference ability of different algorithms. From the experimental results, it can
be seen that the values of all the metrics tend to decrease as the level of environmental disturbance increases. The
NSGA-II algorithmic strategy always has higher shortest time and lowest cost than the strategy proposed in this
paper, while the quality of service satisfaction is lower than the strategy in this paper. For example, under the level
5 disturbance level, the shortest time and the lowest cost of this paper's strategy are 3.58h and 271.44Yuan,
respectively, and the service quality satisfaction is 88.17%, while the shortest time and the lowest cost of NSGA-II
strategy are 4.08h and 352.35Yuan, respectively, and the service quality satisfaction is 80.13%. It shows that the
strategy of this paper is advantageous under different levels of perturbation.

Table 2: Anti-interference ability of different algorithms

Algorithm Degree of disturbance Time (h) Cost (Yuan) Satisfaction (%)
1 5.43 490.97 96.97
2 5.05 443.38 92.95
Ours 3 4.65 375.47 90.48
4 4.12 328.16 90.28
5 3.58 271.44 88.17
1 5.67 513.94 93.94
2 5.35 481.61 90.59
NSGA-II 3 4.87 437.44 87.27
4 4.39 396.36 84.23
5 4.08 352.35 80.13

In this section, a cloud manufacturing industry is used as an example to analyze the dynamic selection process
of equipment resources. In the cloud manufacturing service platform, multiple cloud subchains providing the same
assembly and processing capability can be searched, and two cloud subchains with the same assembly and
processing capability are constructed using the algorithm in this paper and the non-dominated sorting genetic
algorithm 11, respectively, which are denoted as the to-be-selected cloud subchains Y1 and Y2. Wherein the Y1
subchain includes equipment resources Y11, Y12, Y13, Y12, and the Y2 subchain includes Y21, Y22, Y23, Y24.

Table 3: Quantitative index information of cloud subchains

. Equipment resources
Algorithm Index

Y11 Y12 Y13 Y14

Time (h) 4.12 3.51 3.29 1.63

Ours Cost (Yuan) 1800 1200 1400 2200
Satisfaction (%) 89 92 95 94

Y21 Y22 Y23 Y24

Time (h) 6.87 5.13 4.76 3.44

NSGA-II Cost (Yuan) 2200 1500 1900 2400
Satisfaction (%) 73 82 80 85

Now the two cloud sub-chains are evaluated and selected, and the quantitative index information of the 2 cloud
sub-chains is obtained as shown in Table 3. From the table, it can be seen that the combination of equipment
resources selected by the algorithm in this paper has the shortest delivery time, cost and the highest service quality
with the same processing capacity. The total processing time is 4.12+3.51+3.29+1.63=12.55h, the total cost is
1800+1200+1400+2200=6600Yuan, and the average service quality satisfaction is 92.5%. In contrast, the total
processing time and total cost of the combination of equipment resources provided by NSGA-II are 20.2h and
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8000Yuan, respectively, and the average service quality satisfaction is 80%. According to the cloud customer
requirements, the latest delivery time is 15h, the highest cost is 7000, and the lowest service quality is 85%, only
the equipment resource selection scheme provided by the algorithm in this paper meets it, so the cloud subchain
Y1 is more satisfying to the requirements of the demander. The equipment resource selection case verifies the
rationality of the preferred strategy in this paper.

IV. Conclusion

The research on dynamic selection strategy of equipment resources based on intelligent optimization algorithm in
cloud manufacturing environment has achieved effective results. The multi-intelligent body evolutionary algorithm
realizes the dynamic optimal selection of equipment resources in cloud manufacturing environment through
intelligent body grid neighborhood competition and self-learning mechanism. The experimental results show that
the algorithm performs well in terms of convergence and solution quality, which can be stabilized in only 20 iterations,
and the fully nondominated solution finally converges to about 40% of the total solution set. Compared with the
traditional algorithms, the method in this paper has obvious advantages in terms of solution efficiency and solution
quality, with an average running time of 2.63 seconds, which is 36.5%, 69.6%, 80.5% and 49.9% less than that of
GA, PSO, SPEA and NSGA-II algorithms, respectively. The experiments also evaluate the performance of the
algorithm under different levels of environmental perturbations, and the results show that the method in this paper
maintains good performance metrics under high-level perturbation (level 5) environments: the shortest time is 3.58
hours, the lowest cost is 271.44 yuan, and the quality of service satisfaction is 88.17%. The case of cloud subchain-
based manufacturing resource preference further validates the practicality of this paper's strategy, with the selected
combination of equipment resources having a total processing time of 12.55 hours, a total cost of 6,600 yuan, and
an average quality of service satisfaction of 92.5%, which comprehensively meets the needs of cloud customers.
Future work will further consider the uncertainty factors in complex manufacturing environments, expand the
application of the multi-intelligence body evolutionary algorithm in a wider range of scenarios, and improve the
algorithm's generalization ability and anti-interference performance.
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