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Abstract: In existing research, the optimization of algorithms applied to cloud manufacturing service composition based on the quality of
service often suffers from decreased convergence rates and solution quality due to single-population searches in fixed spaces and insuffi-
cient information exchange. In this paper, we introduce an improved Sparrow Search Algorithm (ISSA) to address these issues. The fixed
solution space is divided into multiple subspaces, allowing for parallel searches that expedite the discovery of target solutions. To enhance
search efficiency within these subspaces and significantly improve population diversity, we employ multiple group evolution mechanisms
and chaotic perturbation strategies. Furthermore, we incorporate adaptive weights and a global capture strategy based on the golden sine to
guide individual discoverers more effectively. Finally, differential Cauchy mutation perturbation is utilized during sparrow position updates
to strengthen the algorithm’s global optimization capabilities. Simulation experiments on benchmark problems and service composition op-
timization problems show that the ISSA delivers superior optimization accuracy and convergence stability compared to other methods.
These results demonstrate that our approach effectively balances global and local search abilities, leading to enhanced performance in
cloud manufacturing service composition.
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turing system. The main process is to search for services

0 Introduction
from the candidate service pool for each subtask in the

Cloud manufacturing is a new paradigm of service-
oriented manufacturing, where manufacturing resources
and capabilities are virtualized and encapsulated into
manufacturing services!. Service composition and opti-
mization selection (SCOS)™ is the key technology to re-
alize resource and capacity sharing in the cloud manufac-

cloud manufacturing system, then generate composite
services and optimize them”. Therefore, the optimiza-
tion goal of the SCOS problem is to find the optimal
composite services within the feasible time, so that it not
only meets the functional requirements of users, but also
needs to have the optimal global service quality (QoS)™.
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In recent years, many scholars have explored cloud
manufacturing service composition, achieving signifi-
cant progress. Zhou et al® proposed a mixed artificial
bee colony method, combining Archimedean distribu-
tion with an artificial bee colony to guide the population.
This method enhances local search performance but
risks falling into local optima during late convergence
due to fixed neighborhood modes. Jin et al improved
the whale algorithm’s local exploration by using a uni-
form mutation operator and adaptive probability fusion
with the Levy flight strategy, but local information feed-
back can still lead to local optima. Jiang et al' intro-
duced a variable-length coding scheme with structural
information to enhance genetic algorithms’ local search
ability, though increased cross mutation operations
caused frequent individual aggregation near current opti-
mal solutions, leading to local convergence. Yang et al™
enhanced the Grey Wolf Algorithm (GWO) by adjusting
the control factor and adaptively sharing information,
improving local search performance. Liao et /' added
adaptive crossover probability and random disturbance
to the krill swarm (KH) algorithm, improving local
search ability. Zeng et al'” proposed a hybrid teaching
and learning optimization algorithm, integrating cross
optimization in the learning stage to balance local search
performance. Liao ef al'used a variable field of view
strategy and genetic algorithm mutation strategy to en-
hance the polar bear algorithm’s local search perfor-
mance.

Due to the unique search mechanisms and global
optimization capabilities of the sparrow search algo-
rithm (SSA)™, which are particularly effective for han-
dling complex tasks with many different candidate ser-
vice sets. Unlike other commonly used optimization al-
gorithms such as Genetic Algorithm (GA), Particle
Swarm Optimization (PSO), and Ant Colony Optimiza-
tion (ACO), SSA mimics the foraging behavior of spar-
rows, allowing it to perform effective global searches
and local optimizations. Therefore, in this paper, SSA is
first introduced into the cloud manufacturing SCOS
problem based on service quality perception for optimal
solutions. However, when SSA is applied to composition
optimization scenarios, the sparrow population needs to
frequently randomly search the solution space to find
candidate services that meet the task requirements. To
address this, a multi-population evolution mechanism is
designed, saving the optimal solutions found in the di-
vided subpopulations in a record layer. To enhance the
effectiveness of individual local search strategies in

subpopulations, Logistic chaotic mapping is used to im-
prove population diversity in the feasible domain, help-
ing subgroups escape local optima.

To reduce the impact of low population richness
and insufficient search traversal on algorithm optimiza-
tion, and to ensure the quality of the final optimal ser-
vice composition solution, this paper proposes an im-
proved SSA (ISSA) based composition optimization
method for manufacturing cloud services. This method
includes updating the position of the finders in the spar-
row population through the golden sine strategy of dy-
namic adaptive weights, better guiding the group to
search for the best food source. Later, a differential Cau-
chy mutation strategy is used to further improve the
search ability of the sparrow population. Finally, the
global optimal sparrow individual position is updated
through a greedy strategy and restored to the correspond-
ing optimal service combination solution, ultimately
improving the quality of the service composition solu-
tion. Extensive experiments demonstrate the effective-
ness of the proposed algorithm in solving multiple
benchmark functions and cloud manufacturing service
composition problems of different scales.

1 Problem Description and
Mathematical Model

1.1 Cloud Manufacturing Service Composition
Problem Description

Figure 1 illustrates the main process of a single
objective cloud manufacturing service composition
based on service quality, including a complex manufac-
turing task T, which is usually decomposed into a
series of subtasks ST, arranged in a logical relationship
and corresponding to a candidate manufacturing service
set (CMSS). The SCOS problem is that the cloud manu-
facturing system searches for the corresponding Manu-
facturing Cloud Service (MCS) for each subtask from
the candidate service pool, and then selects a candidate
service that meets the needs of each subtask under the
multi-dimensional cloud manufacturing background,
and aggregates it into a Composite Manufacturing Ser-
vice (CMS) that meets the task requirements This ar-
ticle focuses on the service composition and optimiza-
tion selection stages of this process, and evaluates the
quality of the final composite service through multidi-
mensional QoS attribute indicators. The optimal combi-
nation path is selected with the goal of maximum QoS.
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Considering that each cloud service in the cloud system
contains conflicting and diverse QoS attributes, that is,

QoS(MCS,,)

={q.(MCS,,). . q,(MCS,,). -+-.q,(MCS,, )}
where MCS,; represents the j-th cloud service in the i-th
candidate service CMSS selected from the cloud pool,
and 7 represents the 7-th dimension of QoS attribute
values, including manufacturing time, cost, reliability,
and transaction quality.

To meet the changing task requirements, optimizing
service quality attributes is essential. Swarm intelligence
algorithms, based on biological population behavior, can

be highly effective in this area. However, when faced
with complex service composition optimization prob-
lems, these algorithms often suffer from reduced conver-
gence rates and solution quality due to their fixed search
ranges and localized information transmission. The
SSA, with its characteristics of population guidance, fol-
lowing, and early warning, can ensure good local search
performance and convergence speed. To address the is-
sues of low population diversity and insufficient search
comprehensiveness, this paper proposes a multi-strategy
SSA based on chaotic mapping. This approach adapts to
complex solution spaces and improves the quality of ser-
vice composition solutions.
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Fig.1 Cloud manufacturing services composition main flowchart

1.2 The Classical QoS Evaluation

Firstly, attribute indicators of manufacturing time,
cost and reliability are selected, and then user satisfac-
tion and deliverable quality indicators are further inte-
grated. Considering that the manufacturing cloud service
portfolio has four common structures, namely, sequence,
parallel, selective, and cyclic!”, all of which can be sim-
plified into a sequential structure. Therefore, this article
uses the aggregation method under the sequential struc-
ture for each attribute, as described below.

Manufacturing time 7: mainly covering waiting
time for processing T, customized production time

wait?

T\ and logistics transportation time 7, namely, 7=
Tyuii+ Toans+ Toe- - Perform — accumulation  operation

through aggregate function zq +(MCS,).
i=1

Manufacturing cost C: mainly covering processing
cost C,,.. and transportation costs C,, namely, C=
C e + Cogie- Perform accumulation operation through ag-

gregate function EC]C (MCS,).
i=1

manu

Service reliability R: R=N,/(N,+N,), where N,
and N, represent the number of times required for failure
and success, respectively. Perform the multiplication op-
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eration through aggregate function H: 4z (MCS,).

User satisfaction S: S= ZS,./n, where S represents

i=1
the i-th service demander obtaining historical service re-
sults through score, and n represents the total number of
users who provide an evaluated composite service solu-
tion. Perform the accumulation operation through aggre-

. 1 n
gate function W ;q s(MCS,).

Secondly, due to the different forms of QoS expres-
sion and quantification units of various manufacturing
services, dimensionality elimination and normaliza-
tion"* should be carried out in advance for them, and the
specific calculation method used is as follows:

(MCS!)

>
[Sp maxgq;— min g;

N 2 max g,—q,(MCS))
max g,—min g;

QoS(MCS,)) = —ming,

i

o, )

q,€0
where, max ¢, and min g, represent the maximum and
minimum values of the j-th attribute of the candidate ser-
vice owned by the i-th manufacturing cloud service, re-
spectively, O, O™ represent the positive and negative at-
tribute parameters respectively.

1.3 Comprehensive Mathematical Model

According to the analysis in Section 2.1, this paper
constructs a problem model with the optimization goal
of maximizing QoS, and uses a simple weighting
method to obtain the comprehensive utility value (objec-
tive function), which can be calculated by formula (2).

maX(QoS maxzwkxNoerk,zwk—l 2)

where w, is the weight of the k-th evaluation indicator
and w, €[0,1], NormQ, is the normalized value of the
k-th QoS attribute, and r is the number of indicators. The
value can be specified based on user preference or system.

Considering the specific requirements of the pro-
duction and manufacturing process and the characteris-
tics of the service composition problem, the following
constraints are provided:

1
r(mcs,)| | 4o ]
( . j) Tage
c(Mcs 1
MCS) || 6 et @)
R(MCS,) | | xR
S(MCS,-_,-) 4 5Shase
_qDDbase_
| D(MCS,,) |

where r,; represents the j-th candidate service in the

execution path of the i-th service.
Thases Chaser Riaser Shaser D

base ?
worst-case level that users can accept in terms of execu-

composite
respectively represent the

base? base?> “base? base

tion time, cost, reliability, satisfaction, and quality of de-
liverable, and N indicates the total number of cloud ser-

vices.

2 The Basic Concept of SSA
Algorithm

The SCOS is a typical dynamic and uncertain com-
position optimization problem. Swarm intelligence algo-
rithms are well-suited for solving such problems due to
their adaptability and robustness. Recently, a new intelli-
gent algorithm, the Sparrow Search Algorithm (SSA)",
has garnered significant attention.

21 The Principle of Algorithm and
Mathematical Model

SSA can establish a discoverer-joiner mathematical
model based on the foraging process of sparrows. The
discoverer will be the first to gain energy in the search
for resources, and at the same time to guide the follow-
ers to the foraging location. The location formula is as
follows:

X/ -exp (_l), R,<ST

)(lt; = max (4)

X +0-L, R,=ST

where R, €[0, 1], ST €[0.5, 1] represent the warning line
and safety limit, which is uniformly distributed and gen-
erated arbitrarily within the range of (0,1), QO is any num-
ber that satisfies the normal law, and L is a 1 by d matrix.

Followers closely follow the discoverer to complete
the food search process, and at the same time try their
best to grab the discoverer’s resources to improve their
fitness value. The mathematical model is shown in
formula (5):

worst )(lt/ .
0 exp (T

v
SR

Xi'= )

Xt+l |X,tj t+]| A+ ls

pbest best

where X| ., Xjua correspond to the global worst and
local best regions in the current iteration and the next
iteration respectively, and A'=A" (44" )" is a matrix that

satisfies and all values are 1 or —1.
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The sparrows responsible for monitoring and warn-
ing only account for 10% and 20% of the whole popula-
tion. Their task is to spread the warning signal to the en-
tire population, while leading the population to quickly
move to a safe area or randomly approach other sparrow
individuals. Their position updates are shown in equa-
tion (6):

KXo 81X = X [ %1,
= IX 5= Koo (6)
+K- ((f “f)+e ) Ji=/

where X, represents the position of the globally opti-
mal individual, £ is a random number and follows a nor-
mal distribution, K € rand[-1, 1] is a control step param-
eter, f,, f,, are the optimal and worst fitness values, re-
spectively, ¢ is the infinitesimally small constant that
regulates the wandering area of sparrows.

2.2 Analysis of Algorithm Advantages and
Disadvantages

As a new heuristic algorithm, the SSA features fast
convergence speed, easy implementation, few adjustable
parameters, and excellent local search performance. It
has been successfully applied to various engineering op-
timization problems in recent years, such as three-
dimensional path planning for unmanned aerial vehicles
(UAVs)!" and reactor parameter optimization!®.

However, there are still some shortcomings when
applying SSA to service composition optimization. One
issue is the decreased population diversity. The random
initialization of the sparrow population in the search
space results in an uneven distribution, limiting the full
utilization of environmental information. Unlike PSO
and ACO, which gradually move towards the optimal
solution, SSA converges directly to the current optimal
solution, leading to a rapid decrease in population diver-
sity in the later stages. Additionally, there is insufficient
search traversal for discoverer location updates. Discov-
erers occupy positions with high current fitness values,
leading the population based on the best fitness individuals.
This method only considers current and optimal posi-
tions without incorporating the individual’s previous
experience, resulting in premature convergence and a
limited search scope. These issues contribute to poor
convergence accuracy and solution quality, especially
for high-dimensional problems.

3 Multi-Strategy ISSA Based on
Chaotic Mapping

3.1 Overview of the ISSA

Definition 1 The sparrow individual in ISSA can
be represented by the quintuple S={, T, f(X), X..
S (X)), and X={x,,x,, =+, X,
sents the distribution position of individuals in the D-

est?

--,Xx,}, where x, repre-

dimensional solution space, f(X) is the fitness function
value, which can judge the quality of each individual in
all distributed populations of the sparrow algorithm, and
Xiwiir [ (Xiee ) is the optimal individual obtained after up-
dating and its fitness value. The sparrow population is
an nxd vector composed of # individual sparrows, and
each sparrow has the same iteration number, fitness func-
tion and iterative process of position update.
Definition 2 The i-th sparrow is represented as x,=
(Xi1s Xiz oo Xy ooos X

number of the manufacturing cloud service selected in

.v)» Where x,; represents the serial

the j-th candidate service set in the composite service,
with a range limited to {x,:0<x,,<K;}, and K, repre-
sents the total number of cloud services in the j-th sub-
task’s candidate service set.

Specifically, this article visualizes the mapping
relationship between candidate cloud service sets and
sparrow individuals using Fig. 2. If the set of CMSS
to be selected is composed of {MCS,,, MCS,,,
MCS, ;. MCS, |, MCS;,, MCS,,},
composite solution contains six different types of ser-

it means that the

Tak= | B1; Si; B0, 5% SO ST

Candidate

. [CMSS CMSS, CMSS; CMSS, CMSS; CMSS(,]
service set

belong T belongT belongT belongT belongTbelong
to to to to to
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Fig.2 Mapping relationship between composite services and
sparrow individuals
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vices that have been selected. The first position indicates
that the subtask 1 is executed by the fourth manufactur-
ing service instance in its corresponding candidate ser-
vice set, and the other positions are also the same. Then
the final corresponding individual coordinates can be
represented as a real number array (4, 6, 5, 1, 2, 3).

As a whole, the ISSA includes three major improve-
ment designs: multi-population evolution mechanism,
dynamic global search strategies for discoverers, and
mutation perturbations for position update. Specifically,
(D Considering the mapping relationship between spar-
row individuals and composite services, the original
fixed search space is divided into subspaces, and the
sparrow population searches for optimal solutions in
each subspace in parallel and combines into the best
solution required. In order to reasonably allocate the
population to search for the target solution in the
subspace and improve the traversal accuracy, multi-
population evolution and chaotic disturbance search
mechanisms are used; @ In response to the situation
where discoverers blindly gather too early, the global
capture strategy of adaptive weight and golden sine is in-
troduced to better stabilize the exploration performance
of the algorithm; 3 In order to solve the problem of in-
sufficient search scope when the search individuals up-
date their positions around elite individuals, cross-
variation with reference to the differential strategy
makes the diversity of sparrow population more abun-
dant. Meanwhile, the Cauchy operator is used in the mu-
tation process to continuously perturb the optimal solu-
tion during the evolution process, and further enhance
the global optimization ability.

3.2 Multi-Group Evolution Mechanism

From the overall overview of the ISSA in Section
3.1, it can be seen that when selecting suitable cloud ser-
vices from a large number of candidate service sets, the
ISSA abandons the traditional fixed solution space
single search method. Instead, it divides the population
into different subspaces corresponding to the actual num-
ber of candidate service sets and adopts parallel searches
for the current optimal solution. This poses a challenge
to the development and exploration process of the spar-
row population in the algorithm. To reasonably allocate
the population to search for target solutions in subspaces
and improve optimization efficiency, this paper designs
a mechanism for parallel evolution from multiple popu-
lations. The search strategy is described as follows:

1) Subgroup Division: The sparrow population is

b,), each
corresponding to m candidate service sets divided by
tasks. This ensures that a large sparrow population can

evenly divided into n subgroups (sb,,sb,, :--,s

be divided into several independent small populations,
improving the parallel search efficiency of individuals in
different subgroups.

2) Parallel Search: Each subgroup performs a paral-
lel search for the current optimal solution within its des-
ignated subspace. The optimal individual P, in each spar-
row subgroup guides other individuals in the group by
sharing its advantageous experience. This ensures that
feasible solutions can be found among the numerous can-
didate solutions.

3) Optimal Individual Retention: After the evolu-
tion of any subgroup, the optimal sparrow individual P,
in the subgroup is retained, and its position is stored in
M,). As in-
dicated by step (D in Fig. 3, the positions of optimal indi-

their respective message blocks (M,, M,, ---,

viduals from all subgroups are combined into a preferred
decision layer.

4) Preferred Decision Layer: This layer, indicated
by step @ in Fig. 3, is responsible for recording feasible
solutions selected from different subgroups. It contains
the optimal individuals of all subgroups, ensuring that
the best solutions are retained and refined throughout the
iterations.

Preferred decision layer
@) constltut

@ update |

Fig.3 Schematic diagram of the evolution mechanism of

® guide

multiple populations

In order to ensure the effectiveness of individual lo-
cal search strategies in the subpopulation, the use of Lo-
gistic chaotic mapping with improved population diver-
sity in the feasible domain helps subgroups escape the
dilemma of local optimization, ensuring that the algo-
rithm searches for feasible candidate services for on-
demand combinations. To reduce the impact of low
population richness and insufficient search traversal on
algorithm optimization and ensure the quality of the fi-
nal optimal service composition solution, this paper
takes service quality as the evaluation indicator. An
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ISSA-based composition optimization method for manu-
facturing cloud services is proposed. This method spe-
cifically includes updating the position of the finders in
the sparrow population through the golden sine strategy
of dynamic adaptive weights to better guide the group to
search for the best food source and later using the differ-
ential Cauchy mutation strategy to further improve the
search ability of the sparrow population. Finally, the
global optimal sparrow individual position is updated
through a greedy strategy, and it is restored to the corre-
sponding optimal service combination solution, ulti-
mately improving the quality of the service composition
solution.

Based on the information recorded in the preferred
decision layer, it is determined that if the value of the
i-th record board does not change for six consecutive
iterations, the subgroup is likely performing redundant
iterations near a local extremum due to decreased indi-
vidual competitiveness, ultimately falling into the local
extreme range. To encourage each subgroup to continue
searching for feasible solutions and to avoid premature
convergence, more optimal individuals are selected from
the preferred decision layer to guide the underperform-
ing subgroup by learning from their experiences mul-
tiple times, corresponding to position ) in Fig. 3. Posi-
tion changes are then performed by formulas (4)-(6) to
better optimize the search area.

Since dominant sparrows from all subgroups are
stored in the preferred decision layer, it is necessary to
guide those in the underperforming subgroup to learn
from the search experiences of these dominant individu-
als. This guidance helps other individuals in the sub-
group to continue absorbing information from better-
performing individuals, ensuring that all populations are
actively engaged in iterative evolution. If there are no
better individuals in the preferred layer to provide effec-
tive information, and a subgroup falls into a local opti-
mum again, the subgroup will experience evolutionary
stagnation. To address this, chaotic sequences are se-
lected to perturb the subgroup. Chaotic sequence map-
ping has the characteristics of randomness and sensitiv-
ity to initial values. Logistic mapping, a typical represen-
tative of chaotic mapping, is widely used in optimization
search problems due to its uniform sequence distribution.

Y, =uY,(1-7,) @)

where Y, is a chaotic sequence, which indicates the nth
chaotic sequence value generated, and O <u<4 is the
control parameter of the chaotic sequence.

By integrating chaotic perturbations, the ISSA
enhances the exploration capabilities of subgroups, help-
ing them escape local optima and maintain diversity in
the search process. This method ensures a more thor-
ough and effective optimization, ultimately improving
the quality of the service composition solution.

As shown in Fig. 4, the horizontal axis represents
the control parameter, the vertical axis represents the
range of changes in the Logistic sequence values. When
the control parameter u is changed while the sparrow is
fixed, it is found that the chaos state is better when
1 €[3.85,4] and the u is closer to 4. Therefore, in order to
enable sparrow individuals trapped in local extreme re-
gions to explore other effective search regions as much
as possible through perturbation for traversing more ser-
vice components, this article sets the parameter u to 4.

1.0
0.9
0.8
0.7¢
0.6f
~0.5F
04r
0.3f
0.2
0.1

0 05 10 15 20 25 30 35 40

Fig.4 Logistic chaotic map bifurcation graph

In order to enhance the search diversity of the spar-
row population, all the individuals in the subgroup are
first arranged in increasing order of fitness values, with
higher positions indicating more advantageous individu-
als. Next, the top 10% of sparrows in the subgroup are
selected, representing those with the highest fitness val-
ues. These top-performing sparrows gradually replace
the bottom 10% of sparrows in the subgroup which are
the individuals with the lowest fitness values.

After this replacement process, Logistic chaos is
used to implement a one-dimensional perturbation pro-
cess on the updated population to further diversify the
search. This process is described by equation (8), which
introduces chaotic perturbations to the positions of the
individuals, ensuring a more thorough exploration of the
solution space and preventing premature convergence.
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X,,=Lb,+ M(

i

1+7,,) (®)

where, Ub, represents the upper bound in the d-
dimension for the current optimal solution, Lb, repre-
sents the lower bound in the d-dimension for the current
optimal solution, and i represents the dimension that
needs to be perturbed, which is randomly selected. This
strategy mainly perturbs the current optimal solution
with a one-dimensional logistic chaotic sequence.

The single-dimensional perturbation strategy based
on the multi-population evolution mechanism and Logis-
tic chaos is specifically designed for the single search
space of service composition optimization problems.
This strategy has a dual purpose. On one hand, it retains
most of the excellent dimensional information of the cur-
rent optimal solution during the service composition pro-
cess, ensuring the algorithm’s convergence to the service
composition optimization problem. On the other hand, it
utilizes the Logistic sequence and multi-population evo-
lution mechanism to perturb the single dimension of the
current optimal solution.

As the sparrow algorithm iterates, this self-
adjustment strategy within the subgroups helps them es-
cape the constraints of local optima. By continuously in-
troducing chaotic perturbations, the strategy enhances
the global optimization ability of the algorithm. This ap-
proach not only improves search accuracy but also en-
sures convergence stability across different subspaces.
Through these mechanisms, the ISSA effectively bal-
ances exploration and exploitation, ultimately leading to
more robust and reliable service composition solutions.

3.3 Discoverer’'s Dynamic Global Search
Strategy

Due to the significant impact of inertia weight on
the iterative update of sparrow search algorithms, this ar-
ticle introduces an adaptive weight factor for the posi-
tion of the original sparrow discoverer, as expressed as
follows:

cos (” (00 0

max

T
W= (f;)est _fworst ) ' 2

where f,... fuo are the best and worst fitness values re-

+1(9)

spectively, @, @, are the maximum value and mini-
mum value of the weight factor, respectively. Multiple
experiments have shown that the effect reaches its maxi-
max = 0.85, @, =0.25.

It can be seen from Fig. 5 that in the early iteration

mum when @

min

stage of the sparrow individuals, they approach the

global optimal at a faster speed. In the middle and later
stages of the iteration, the decline gradually begins to
slow down, so as to facilitate the subsequent more accu-
rate mining, and finally achieve the effect of improving
the convergence speed and global space exploration ca-
pability.

Then the weight factor is combined with gold sine
to improve the discoverer’s position. The updated for-
mula is as follows:

Xv’_yl —
X/;-Isinr )| = -7, -sinr, - |, X — B, X/}, R, <ST
X +0-L, R,>ST

where 7, is the number generated randomly within [0,

(10)

2mx], and r, is the number generated randomly within [0,
n], B,.p, are parameters constructed using the golden
section coefficient, which will cooperate with the weight
factor to ensure the uniform effect of the overall search
of the algorithm and further improve the convergence
speed of the algorithm. Among them f,=-n+2n-(1-

), fy=—n+2n-1,7=(\V5 = 1)/2.

1.0
0.9
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Weight value
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Fig.5 Adaptive weight factor iteration diagram

3.4 Design of Optimal Position Variation
Disturbance

The differential evolution strategy, an evolutionary
algorithm proposed by Storn et al'”, is based on the ge-
netic algorithm. It generates individuals with variations
from the original population and then performs cross-
over mutations to enrich population diversity. This paper
adopts this strategy within the SSA. The specific process
is as follows: First, two different sparrows are randomly
selected from the entire population. The position
changes of these two sparrows are calculated. Next,
these changes are perturbed with the globally optimal in-
dividual to obtain a mutated new individual. This pro-
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cess introduces new genetic material into the population,
helping to maintain diversity and avoid premature con-
vergence.

By incorporating differential evolution into SSA,
the algorithm benefits from enhanced exploration capa-
bilities, ensuring a more thorough search of the solution
space and improving the overall optimization perfor-
mance. The mutation expression is as follows:

X =X 4P X~ X, (1)
where X|, X, represent two sparrows chosen at random,
P (0, 6) represents the scaling parameter, X, indicates
the position of the sparrow with the best fitness value in
the current population.

In order to further enhance the optimization effect
of SSA and prevent the algorithm from falling into the
dilemma of local optimal solution due to a sharp de-
crease in population diversity during the search process,
the Cauchy distribution strategy is used to perturb the
position of sparrows:

Xyl =X/ +t(iter) - X/ (12)
where X, denotes the position of the i-th sparrow indi-
vidual, X! represents the position of the individual af-
ter mutation, and ¢ (iter) represents the ¢ distribution with
the current iteration number iter as the degree of free-
dom.

Although the above mutation strategy can increase
the chances of escaping local optima, it does not guaran-
tee that the newly generated sparrow individual will be
better than the original optimal individual. Therefore, we
incorporate a greedy approach to ensure that individuals
with higher fitness values are selected at each step. Spe-
cifically, after generating the new mutated individual
through differential evolution, the fitness values of the
new and original individuals are compared. The indi-
vidual with the larger fitness value is retained for the
next iteration. This greedy strategy ensures that the
population continually improves, enhancing the overall
optimization process and ensuring a convergence to a
better solution. The specific selection and updating op-
eration are as follows:

X5 (XG) 2f (X)
Xy = (13)
Xowo [(X0") </ (X))
3.5 Analysis of Composition Optimization of
Cloud Manufacturing Services Based on ISSA
According to above description, the algorithm flow

of cloud manufacturing service composition optimization
based on the ISSAis given and described in Algorithm 1.

Algorithm 1 ISSA framework for solving the cloud
manufacturing service composition problem based on service

quality

Input: population size (PopSize), spatial search dimension
(Dim), maximum number of iterations (MaxlIter), proportion of
subscribers (PD), proportion of alert value (SD) and alert
threshold (R,), the objective function value (max QoS=

5
maxzwkx 0,)
i=1

Output: output the optimal sparrow position and its fitness value
1. While < MaxIter do

2. Calculate the QoS value of composite services in the group
PopSize according to equation (2), sort the value and save the
optimal QoS value.

3. Obtain the fitness value of the current sparrow population
and decrease it in order, and then get the current best fitness and
its corresponding position, as well as the current worst fitness
and its corresponding position.

4. Divide the population into different sub-groups, and follow
equation (8) to perturb the replaced new subgroup using the
logistic chaotic sequence.

5. R,=rand (1)

6. fori=1:PD do

7. The sparrow with the best fitness value will be the
discoverer through weight distribution, and its position will be
updated according to formula (10).

8. end for

9. for i=(PD + I):PopSize do

10. Use the surplus sparrows in the population as followers
and update their positions according to formula (5).

11. end for

12. for i=SD:PopSize do

13. Update the position of the watcher according to formula (6).
14. end for

15.  According to the current fitness value and average fitness
value, differential variation strategy or Cauchy distribution
perturbation strategy is selected to disturb the current optimal
solution, generate new solutions.

16. Update the fitness value through the greedy formula (13),
and record the global optimal position and the sparrow ’s
individual optimal position information.

17. end while

18. return the optimal location and its optimal fitness value to
obtain the optimal QoS value

4 Simulation Results and
Experimental Analysis

4.1 Performance Verification of the Algorithm
on Benchmark Problems

In order to verify the practicability of the proposed
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method, it is applied to solve six classical standard refer-
ence functions, namely Sphere (f;), Schwefel 2.22 (f,),
Schwefel 2.21 (f), Griewank (), Alpine (f)) and Shekel (f;),
including single mode and multimodal functions, see
Table 1. The term £, refers to the theoretical minimum
value of the objective function, which is the best solu-
tion that the algorithm aims to approximate or achieve.
The functions f,-f, are unimodal and have only one
global optimal value, so the convergence speed of the al-
gorithm is more important than the optimization results.
The functions f,-f; are multimodal functions that have
many local optima. Therefore, the importance of optimi-
zation results is greater than that of the convergence
speed, which can reveal the algorithm’s ability to break
free from local optima and find global optima.

For the benchmark function, the proposed ISSA is
compared with three meta-heuristic methods, including
Butterfly Optimization Algorithm (BOA), Grey Wolf
Optimization Algorithm (GWO), and SSA. The param-
eters of GWO are the initial and final control param-
eters, 1.€., &y =2> dma=0; BOA is the switching prob-
ability P=0.8, sensory mode ¢=0.001, ¢=0.1; The param-
eter of SSA is PD=0.2, SD=0.2, ST=0.8; The same pa-
rameters in the four algorithms are set identically: that
is, the population size (Popsize) is 30, and the maximum
running times (Maxlter) is 500.

4.1.1 Analysis of search accuracy

In this paper, ISSA and the comparison algorithm
proposed in this paper are independently run 30 times on
each benchmark function. The optimal value, average
value, standard deviation, and worst value are used as

evaluation criteria for the performance of each algo-
rithm. These metrics are chosen to comprehensively as-
sess the accuracy and stability of the algorithms. Specifi-
cally, the optimal value represents the best objective
function value achieved, the worst value represents the
worst objective function value achieved, the average
value represents the mean objective function value over
multiple runs, and the standard deviation indicates the
variability and consistency of the results. Finally, the
data generated by each algorithm will be recorded in an
exponential manner, highlighted in black and bold to
highlight the best results, and the average time spent at
the end of each run process will be recorded. The com-
parison of the results of the benchmark function is
shown in Table 2.

As can be seen from Table 2, the ISSA shows a bet-
ter convergence rate compared with the other three algo-
rithms when facing the first three unimodal test func-
tions, and their optimal values and mean values are both
0. It can be seen that the chaotic initialization population
plays a crucial role, which greatly improves its conver-
gence rate, and thus verifies that the improved algorithm
has good stability. For multimodal test functions, al-
though the original algorithm and the improved algo-
rithm do not differentiate when dealing with func-
tion f,, the algorithm in this paper still has great ad-
vantages based on the comparison of the solution per-
formance of function f;. Finally, for the multimodal test
function f;, the proposed algorithm has strong robust-

ness in searching the entire solution space. This is be-

Table 1 Test functions description

Function Name Dimension Range Jrvin
=>x Sphere 30 [-100,100] 0
i=1
fi=> Schwefel 2.22 30 [-10,10] 0
i=1

fi= max {| x|, 1<i<n} Schwefel 2.21 30 [~100,100] 0

1 2 , ,
1= 2000 25 1 l Griewank 30 [-600,600] 0
Alpine 30 [~10,10] 0

—1

Jo= (500 2 ) Shekel 30 [-65,65] 1

i+ z(x a;)’
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cause the addition of differential mutation strategy and
Cauchy perturbation in the later stage helps the algo-
rithm successfully overcome the local extremum di-
lemma and obtain the global optimal solution. Al-
though all four algorithms are extremely close to the
theoretical values, further analysis of their respective
mean and standard deviation reveals that ISSA has sig-
nificantly better overall stability than other algorithms.
4.1.2  Analysis of the rate of convergence

Considering that the convergence speed of each al-
gorithm cannot be directly reflected only by the average
value and standard deviation, the convergence curve is
further drawn to better show the process of each algo-
rithm converging to the optimal solution.

For different types of test functions, it can be seen

from Fig. 6(a) to Fig. 6(c) that when the four algorithms
converge to the same fitness, the ISSA takes the least
number of iterations and the fastest rate of convergence,
which is due to the early multi-population mechanism
and Logistic one-dimensional chaotic perturbation.
Observing that the curves of GWO and BOA gradually
tend to moderate, and finally there will be stagnation,
that is, they fall into a local optimum, while the conver-
gence trend of the ISSA shows a gradient wave drop
overall, indicating that the differential Cauchy distur-
bance in the later stage helps the algorithm successfully
get rid of the local extreme value dilemma. As the pro-
cess progresses, for these benchmark functions with lo-
cal optima, the ISSA has a stronger global search ability
than other algorithms.

Table 2 Results of benchmark functions

Function  Algorithm Best Worst Avg Std

BOA 5.96E-11 8.10E-11 6.89E-11 5.72E-12
GWO 1.76E-35 1.67E-32 2.19E-33 3.37E-33

/ SSA 5.23E-158 7.37E-122 4.77E-123 1.57E-122
ISSA 0 0 0 0
BOA 9.59E-09 2.99E-08 2.15E-08 5.79E-09
GWO 1.20E-20 3.49E-19 6.83e-20 7.24E-20

/ SSA 4.52E-96 2.72E-72 1.01E-73 4.99E-73
ISSA 0 7.71E-195 2.57E-196 0
BOA 1.65E-06 2.53E-06 2.09E-06 2.31E-07
GWO 2.39E-09 8.55E-08 2.81E-08 2.27E-08

g SSA 0 6.06E-62 2.02E-63 1.11E-62
ISSA 0 0 0 0
BOA 6.27E-13 3.02E-11 9.54E-12 7.19E-12
GWO 0 3.65E-02 3.93E-06 9.78E-03

s SSA 0 0 0 0
ISSA 0 0 0 0
BOA 7.11E-11 1.43E-08 1.17E-09 2.97E-09
GWO 4.38E-20 1.59E-03 3.10E-06 4.33E-04

s SSA 0 3.11E-24 1.03E-25 5.68E-25
ISSA 0 2.92E-277 9.76E-279 0
BOA 0.998 1.050 1.004 3 1.33E-02
GWO 0.998 12.670 3.4550 3.26

e SSA 0.998 12.670 1.642 0 2.51
ISSA 0.998 0.890 0.998 0 2.48E-10
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Fig.6 Convergence curves for benchmark functions

To sum up, the results in this section show that the
ISSA is highly competitive with high-dimensional
single-mode functions and multi-mode functions. The
ISSA retains the unique guidance mechanism of follow-
ers and the warning mode of scouters. Meanwhile, the
ISSA uses the golden sinusoidal fusion dynamic factor
to improve the position update stage of discoverers in
the SSA. Finally, Cauchy differential perturbation is
used to enhance the optimization ability of the algo-
rithm. This not only maintains population diversity, but
also improves the optimization efficiency and accuracy
of the algorithm.

4.2 Performance Verification of the Algorithm
on Composition Optimization Problem

To further demonstrate the practicality and rational-
ity of the ISSA in cloud manufacturing service composi-
tion, the cost, time, reliability, satisfaction and quality of
deliverables of each manufacturing cloud service are ran-
domly generated between [0.8,0.95]. Their weights in
customer QoS preferences are respectively set as .. =
0.3, =02, ,=02, 0,=0.15 ®w,,=0.15. The pa-
rameter settings for each algorithm remain the same as

rel

in Section 4.1, with a specified number of runs of 200.
Finally, a series of experiments are conducted to verify
the effectiveness and efficiency of the algorithm in this
paper.
4.2.1 Convergence analysis
This section sets the number of subtasks to 30-50,
with an increment of 10. The number of candidate manu-
facturing cloud services for each subtask ranges from
150 to 300 in an increment of 150. For example, T-30-
150 indicates that the number of subtasks (abstract ser-
vices) is 30 and the number of candidates MCS for each
subtask (candidate services) is 150.

It can be seen from Table 3 that the average fitness

value obtained by the ISSA is superior to other compari-
son algorithms, and the optimal solution obtained by the
ISSA is also better than other comparison algorithms.
Obviously, as the number of subtasks and candidate ser-
vices increases, the optimal solutions of all four algo-
rithms have decreased, which may be related to the com-
plexity of the solution space of the problem. Based on
various comparisons, it can be concluded that the perfor-
mance of the ISSA in this paper outperforms the other

three comparison algorithms.

Table 3 Performance of algorithms for different problems

Problem

Index

GWO

BOA

SSA

ISSA

T-30-150

Best
Mean

Std

0.621 826
0.603 508
0.019 493

0.633 259
0.619 831
0.001 560

0.643 377
0.619 323

0.002 281

0.655 992
0.643 833
0.001 814

T-30-300

Best
Mean

Std

0.612 089
0.599 853
0.002 114

0.624 239
0.600 516
0.002 128

0.636 423
0.613 575
0.001 495

0.647 660
0.625 253
0.001 397

T-40-150

Best
Mean

Std

0.613 625
0.572 418
0.027 369

0.620 262
0.596 248
0.020 129

0.637 534
0.613 721
0.002 645

0.647 132
0.623 557
0.001 826

T-40-300

Best
Mean

Std

0.603 147
0.562 496
0.028 836

0.615 891
0.599 357
0.021 302

0.626 173
0.604 606
0.001 019

0.648 037
0.615 540
0.001 550

T-50-150

Best
Mean

Std

0.593 338
0.481 938
0.028 486

0.614 630
0.572 384
0.002 192

0.617 572
0.593 959
0.002 004

0.646 715
0.601 124
0.021 308

T-50-300

Best
Mean

Std

0.582 143
0.492 829
0.026 441

0.605 041
0.565 409
0.028 065

0.617 277
0.604 414
0.001 627

0.647 724
0.615 193
0.001 448
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Then Figure 7 plots the optimal fitness value
obtained by four algorithms in solving 50 manufacturing
subtasks and the required number of iterations.

Under the same conditions, the optimal fitness
value obtained by the comparison algorithm is small,
and the overhead of the number of iterations is relatively
high, which is likely to be affected by the population po-
sition. The ISSA can obtain better optimal solutions
while guaranteeing the number of iterations, introduce
multiple swarm mechanisms and Logistic chaotic pertur-
bation strategies to ensure the diversity of the algorithm’
s early population and the balance of exploration and de-
velopment in the later stage. This indicates that the ISSA
has more accurate optimization results than other algo-
rithms, because it expands more search ranges during
the evolution process to enhance its possibility of jump-
ing out of local optimal. In summary, the ISSA is supe-
rior to the other four algorithms in terms of overall
search efficiency and solving quality.

4.2.2 Time performance analysis

Finally, in order to further effectively compare the
average running time required by the four algorithms in
solving the manufacturing cloud service composition
model based on service quality, this paper conducts
experiments in two scenarios respectively. In the first
scenario, the number of candidate services is guaranteed
to be 200, and the number of manufacturing tasks is
gradually increased from 20 to 200. In the second sce-
nario, the number of manufacturing tasks remains the
same at 50, and the number of candidate services
changes from 50 to 500, giving the time trend graph in
Fig. 8.

As can be seen from Fig. 8(a), when fewer manu-
facturing tasks are arranged, all four algorithms spend
relatively less time. However, as manufacturing tasks in-
crease, the gap between them gradually widens. Espe-
cially for the GWO, its running time shows an exponen-
tial growth trend. This is because the increase of the
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number of subtasks will lead to the increase of the di-
mensionality of the target vector, which will make the
calculation of the QoS fitness function more compli-
cated, and thus bring additional time cost. By observing
Fig. 8(b), it can be observed that increasing the number
of candidate services does not have a significant impact
on the four algorithms, as increasing the number of can-
didate services will expand the solution space but will
not affect the optimization efficiency. From a global per-
spective, the ISSA has significantly less solving time
than other algorithms. This is because the use of a Logistic
single dimensional perturbation strategy in sparrow indi-
viduals lacking diversity in each subpopulation further
improves the convergence accuracy and optimization
speed of the algorithm. Moreover, the difference varia-
tion strategy and Cauchy distribution disturbance are
added later to help the algorithm successfully get rid of
the local extreme value dilemma. The stronger the global
detection ability of the algorithm, the better the results.

5 Conclusion

This article addresses the current challenges in
cloud manufacturing service composition by improving
the SSA to solve the optimal portfolio solution. To coun-
ter the disadvantages of loss of population diversity and
lack of global optimization ability in SSA, we introduce
a multi-population evolution mechanism and Logistic
chaotic mapping to enhance population diversity in the
early stages of the search. Additionally, a global capture
strategy based on dynamic weight factors and the golden
sine method is employed to stabilize the algorithm’s ex-
ploration performance. In the later stages, differential
Cauchy mutation perturbation is used to further enhance
the algorithm’s global optimization ability.

The superiority of the proposed algorithm is veri-
fied through benchmark function problems and service
composition scenarios. Results show that the improved
algorithm not only reduces computing time but also en-
sures convergence accuracy, demonstrating the correct-
ness and effectiveness of the proposed model and algo-
rithm in solving cloud manufacturing service composi-
tion optimization problems. Although the improved algo-
rithm can solve the issues in the cloud manufacturing
service portfolio to a certain extent, it typically results in

suboptimal solutions, requiring compromises between ef-

fectiveness, utility value, and computing time. In the fu-
ture, exploring the use of mature algorithms from other
fields to solve the cloud manufacturing service portfolio
problem could be a highly effective approach.
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