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Abstract
In the cloud manufacturing process, service composition can combine a single service into a complex service to
meet the task requirements. An efficient service composition strategy is crucial, as it affects the efficiency of resource
and capacity sharing in the cloud manufacturing system. However, in the face of a large-scale environment, the
existing methods have the problems of slow convergence and instability. To solve the problems above, we propose
an improved optimization method, named improved-TC. Specifically, we are inspired by the horizontal crossover
of CSO in the hybrid-TC teaching phase, the Hybrid-TC is proposed in our previous work, which is a hybrid of the
teaching-learning-based optimization algorithm (TLBO) and the crisscross optimization algorithm (CSO). Improved-TC
is an improvement on the learning phase of hybrid-TC algorithm, we change the search method of hybrid-TC in the
learning phase to a one-dimensional search, thereby some dimensions in the population that are trapped in the local
optimum have the chance to jump out of the iteration. Experiments show that our proposed method has a faster
convergence speed and more stability in the face of service composition in large-scale environments.
Keywords: Cloud manufacturing, Service composition, Quality of service, Teaching-learning-based optimization, The
crisscross optimization algorithm
Introduction
In order to cope with the increasing demand for products from users, manufacturers need to collaborate more
effectively by sharing their manufacturing resources and
technical capabilities to meet user needs [1–3]. Cloud
manufacturing (CMfg) is a new service-oriented manufacturing paradigm. In the CMfg system, manufacturing
resources and manufacturing capabilities are encapsulated as sharable services and distributed to users in an
on-demand manner through the internet to make full
use of resources and avoid waste of resources [4]. Service
composition and optimization selection (SCOS) [5, 6] is
a key technology to realize resource and capacity sharing in CMfg system. SCOS process is to search a service
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from the candidate service pool for each subtask in CMfg
system, then generate a composite service and optimize
it to meet the needs of users [7, 8]. That is, according to
different composition structure, it can combine various
single services with different functions into composite
services with comprehensive functions, so that the newly
acquired services can meet the requirements of the task.
In the process of CMfg service composition, according to
task requirements and user needs, the selected services
will be constrained by various Quality of service (QoS)
attributes, and the service composition solution needs
to be optimized through efficient methods to meet the
requirements. The optimization objective of the SCOS
problem is to find an optimal composition service that
meets the task requirements and user needs in a feasible
time. How to find the optimal or nearly optimal service
composition quickly and effectively, in the mass of composite services, is a problem worth our attention.

© The Author(s) 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

Zeng et al. Journal of Cloud Computing

(2022) 11:66

So far, there are many research methods on the SCOS
problem. Li et al. [9] used a service composition method
based on service clustering network to solve the problem of static and dynamic demand in cloud manufacturing. Lu et al. [10] proposed a systematic framework for
process capability evaluation and service recommendation in a cloud manufacturing environment, in which
the integrated service composition module successfully
connected and shared the engineering knowledge of
engineers or management teams from different companies. The above work is based on the method of service composition framework. Furthermore, in the SCOS
process, the QoS is often used as a criterion when evaluating service composition efficiency. Some researchers have considered QoS to optimize services: Lartigau
et al. [11] proposed a cloud manufacturing service composition method to solve the problem of transportation
route selection between merchants by considering QoS
evaluation. A QoS-aware manufacturers to users (M2U)
mode is presented in [12], which improves its ability to
dynamically optimally allocate resources. Although the
existing SCOS methods have some effect in solving the
service composition problem, they still face huge challenges due to the complex personalization requirements
of users and the rapidly increasing number of services
in cloud manufacturing platforms. And there are still
some key issues that need to be addressed: (1) Due to
the increasing number of services in cloud manufacturing system, existing methods are inefficient in solving large-scale SCOS problems, and more efficient
algorithms need to be found; (2) With the personalized
needs of users increase, the service composition conditions in the CMfg system become more complex, and it
is difficult to find an accurate solution using the existing service composition methods, and it is necessary
to improve the global search strategy of the algorithm.
A large-scale service composition problem can be
described as follow [13]: If M is the number of service
sets in a composition path and N′ is the number of candidate services of service sets, the number of all composition paths will be N′M. As the numbers of candidate
services and service sets increase, the solution space of
the optimization problem grows exponentially [14–16].
Some intelligent optimization algorithms [5, 6, 17, 18]
due to their characteristics, such as universality, applicability, randomness, and fast search speed, are often
used to solve large-scale SCOS problem. However, as
the personalized needs of user increase, more and more
candidate services are included in composite services.
This will cause the existing intelligent algorithms to be
no longer suitable for solving the current SCOS problem, and there will be disadvantages, such as poor stability, slow convergence speed, and low solution quality.
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To solve the problems above, we propose a hybrid
optimization algorithm, named improved-TC, which
is an improved algorithm based on the hybrid-TC [19]
proposed by us previously. Hybrid-TC is an algorithm
that combines the teaching–learning-based optimization algorithm (TLBO) [20] and the crisscross optimization algorithm (CSO) [21] in the teaching stage.
It has several prominent advantages such as accurate
calculation and free from the algorithm parameters,
which can improve the solution of service composition. However, it is unstable and has slow convergence.
To enhance the stability and avoid the slow convergence of hybrid-TC, we are inspired by the horizontal
crossover of CSO in the hybrid-TC teaching phase, and
in the learning phase of improved-TC a similar method
was used to improve the algorithm, i.e., changing the
multi-dimensional search method the algorithm to a
one-dimensional search, so that some dimensions in
the population that fall into the local optimum have
the opportunity to jump out of the iteration. The novelty of our proposed method is that it considers the
optimization of the composition path from a small
granularity perspective. In this way, the solutions can
be found more accurately, which makes up for the
shortcomings of hybrid-TC’s insufficient global search
ability, and enhances the stability and convergence of
the algorithm. At the same time, the solutions of service composition have been improved.
In summary, our contributions in this paper are as
follows:
• To increase the global search ability of the algorithm, we combine the teaching–learning-based
optimization algorithm (TLBO) [20] and the crisscross optimization algorithm (CSO) in the teaching
phase, which considers the optimization of composition path from the perspective of small granularity and makes up for the insufficient search ability
of the original TLBO.
• To improve the convergence speed and enhance the
stability of the service composition optimization
algorithm, the learning phase of improved-TC is
improved. The improved algorithm can make some
dimensions in the population that fall into the local
optimum can be jumped out of the iteration, so that
the convergence speed and the stability of the algorithm is enhanced.
• To get the best performance of our algorithm,
we determine the population proportion of CSO
through experiments.
The rest of our paper is organized as follows. Section 2 introduces the related work of QoS-aware
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service composition. Section 3 presents the problem
statements and evaluation models. Section 4 presents
our algorithm model and the detailed description of
the model. In Section 5, the comparative experiments
are performed to verify the proposed approach. Finally,
Section 6 makes the conclusions and future works of
the paper. In addition, the Table 1 listing the symbols
used in the paper to accommodate a larger audience.
Related work
The meta‑heuristic optimization algorithms in optimization
problems

The essence of the optimization problem is to select a set
of variables or parameters, under the condition of satisfying a series of related constraints, to make the design goal
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reach the optimal value [22–25]. For this reason, a lot of
researchers have designed meta-heuristic methods to solve
optimization problems, for example, Rao et al. [20] proposed a Teaching–Learning-Based Optimization (TLBO)
to solve large-scale non-linear optimization problems. The
algorithm is divided into two phases: teaching and learning, then the global solution is found by continuous optimization in these two stages. Meng et al. [21] proposed
the crisscross optimization algorithm (CSO) inspired by
Confucian doctrine of gold mean and the crossover operation in genetic algorithm to solve complex optimization
problems. In the algorithm, horizontal crossover and vertical crossover are used as search operators. Combining the
two search operators, the algorithm has a magical effect on
improving the convergence speed and solution accuracy.

Table 1 Notations of this paper
Notations

Definition

T = {t1, t2, …, tm, …, tM}

A set of M subtasks

Sm = sm,1 , sm,1 , . . . , sm,n′ , . . . , sm,N′


S′ = s1,2 , s2,2 , . . . , sm,n′ , . . . , sM,N′

A set of N′ candidate services

P = {P1, P2, …, Pn, …, PN}


Pn = s1,2 , s2,2 , . . . , sm,n′ , . . . , sM,N′
M
′
m=1 N

A set of N individual

T

Task

sm

Candidate service

sm,n′

The n′-th service of service set Sm

S = {S1, S2, …, Sm, …, SM}

A set of M candidate service sets
A composite service
Mapping of services and individual
The composite service path

tm

Subtask

qSTem, qSCtm, qSRlm, qSRpm

Time, cost, reliability and reputation of candidate service

q1, q2, q3, q4

Time, cost, reliability and reputation of aggregation values

−
Q+
k , Qk

Normalized positive and negative attribute indicators

qk

The QoS attribute

minqk, maxqk

The minimum and maximum aggregated values of the QoS attribute

ωk

The weight of the attribute

w1, w2, w3, w4

The weight of time, cost, reliability and reputation

Rmax

Maximum iterations

P

The population

Pn

The individual

PTi ′ ,new, PTi ′ ,old

The new and old position

Pmean

The mean position

Pteacher

The teacher (the best individual at current iteration)

TF

The teaching factor

r, r1, rj , r2, c1, c2

The random numbers

l1
l2
Pc,old
, Pc,old
l1 ,d
l2 ,d
Pc,old , Pc,old
l1 ,d
l2 ,d
, Pc,new
Pc,new
j
j
k
PL,new , PL,old , PL,old
j,h
j,h
k,h
PL,new , PL,old , PL,old

The old position of the l1-th and l2-th individual in teaching-phase
The old dimension of teaching-phase
The new dimension of teaching-phase
The new and old position of learning-phase
The new and old dimension of learning-phase
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Service composition and optimization selection in cloud
manufacturing

As one of the key technologies of cloud manufacturing
service platform, SCOS is very important to promote
the development of manufacturing industry. A growing
number of researchers pay attention to the SCOS problem and study it from multiple perspectives.
QoS indicators are often used to evaluate the effectiveness of service composition. The research methods
based on QoS indicators [26], such as cost, time reliability, called QoS-aware methods. Many researchers have
carried out research on QoS-aware methods to solve the
SCOS problem. The work in this area includes: Que. et al.
[12] proposed a QoS-aware manufacturer to users (M2U)
mode, in the mode, the QoS indexes are considered, such
as time, cost, reliability, and ability, to evaluate model
efficiency. Zhou et al. [27] proposed a mathematical
model including four QoS metrics of time, cost, availability and reputation, then they used a hybrid multi-population co-evolution approach to solve the SCOS problems.
In order to maximize production efficiency while weighing different production orders, Laili et al. [28] studied
the multi-stage integrated scheduling of mixed tasks in
cloud manufacturing environment based on QoS indicators. The experiments proved that this method not
only reduces the production cost also save time. Liang
et al. [29] established a deep reinforcement learningbased cloud manufacturing service composition model.
This model models the service composition process as a
Markov decision process and designs the corresponding
reward function considering logistics. A series of experiments verify the effectiveness, efficiency, robustness,
adaptability and scalability of the method in solving the
SCOS problem.
The research methods based on Qos-aware are constrained by QoS indicators when composition services,
and the composition efficiency is low. To improve the
composition efficiency, some researchers try to solve
SCOS problem using frame-based methods [9, 10].
for example, Zhang et al. [9] proposed a network clustering method (SC-SCN) to combine services, which
firstly clustered services with the same function into
a set of abstract services by similarity calculation, secondly, the abstract service network is obtained by similarity calculation, finally, search for the services that
meet the task requirements to combine services by the
search algorithm.
The cloud manufacturing SCOS problem is an
NP-hard problem, and it is difficult to find an exact
solution in a feasible time. Intelligent optimization algorithms are widely used to solve SCOS problem because of its flexibility and scalability, so that
combined results with exact solutions or close to
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exact solutions can be found in feasible time [8]. An
improved grey wolf optimizer algorithm (IGWO) for
saving energy consumption is proposed by Yang et al.
[6], the method improved the control factor and algorithm position update in the GWO, which leads to
the improvement of the algorithm’s search ability and
ensures the accuracy of the solution. On this basis,
they also proposed an enhanced gray wolf optimization algorithm (EMOGWO) [5] for multi-objective
SCOS problems, which made three improvements
to the basic multi-objective GWO and overcame the
shortcoming of local optimum and less diversity in
multi-objective CMfg SCOS problems. Zhou et al.
[30] considered the high flexibility and complexity of
CMfg, a hybrid artificial bee colony method (HABC)
is designed to solve the large-scale solution space
problem of service composition. It uses archimedean
copula estimation of distribution algorithm (ACEDA)
probability model and the chaos operators of global
best-guided artificial bee colony to generate the offspring individuals, which has the advantages of high
performance and high stability. An ensemble optimization approach (EOA) is proposed by Fazeli et al. [17],
which used genetic algorithm (GA), particle swarm
optimization (POS) and social spider algorithm (SSO)
as a black box, then used a new operator to summarize the results of the black box, this algorithm can
be flexibly expanded and combined with other algorithms to effectively balance the various indicators in
the service composition. Zhou et al. [18] proposed a
hybrid teaching-learning-based optimization, which
combined two algorithms in the learning phase and
the teaching phase respectively, and used the onlooker
search of artificial bee to change the search method in
the studying phase, so that the algorithm could solve
the large-scale cloud manufacturing service composition problems.
So far, the existing work on using the meta-heuristic
algorithm to solve large-scale SCOS problems has not
achieved satisfactory results. We are inspired by the
work [18] and try to improve the quality of the solution in large-scale CMfg environment. Therefore, we
develop a hybrid teaching–learning-based optimization
algorithm to solve this problem.
Service composition problem description and quality
of service evaluation
Cloud manufacturing service composition problem
description

In the cloud manufacturing environment, service composition is one of a key technology, and it is necessary to analyze the composition process systematically.
As shown in Fig. 1, a complex manufacturing task T is
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Fig. 1 Service composition flowchart

usually decomposed into several subtasks t, which can
be represented by T = {t1, t2, …, tm, …, tM}, where M is
the total number of subtasks within the task T and tm is
the m- th subtask of T. Each subtask tm is executed in
some logical order and corresponds to a service set. The
SCOS problem is the system searches for services from
the candidate service pool for each subtask, then selects
a service from the corresponding service set to generate composite services and optimize services according to user requirements. Selecting and deter-mining
the optimal service for each subtask from the service
set is a key step in the SCOS problems. The process of
SCOS can be divided into the following steps [6]: (1)
task decomposition, T = {t1, t2, …, tm, …, tM}. (2) Service discovery and matching, the system searches for
services from the service pool according to the task
requirements, and clusters services with the same function to form a candidate service set, candidate service
sets can
be represented by S =

 {S1, S2, …, Sm, …, SM},
Sm = sm,1 , sm,1 , . . . , sm,n′ , . . . , sm,N ′ , where M is the
total number of candidate service sets and Sm is the
m- th candidate service set, where sm,n′ is the n′-th service of service set Sm. (3) service selection and composition, the system selects a service sm from the
candidate service set Sm that corresponds to the subtask
to execute the task, and then generates the composite service,
the composite service can be expressed by

S ′ = s1,2 , s2,2 , . . . , sm,n′ , . . . , sM,N ′ , where sM,N ′ is the
N′-th service of service set SM. (4) service optimization,
in the service composition process, it is assumed that the
subtask tm has N′ candidate
services sm. In theory, it can

′ composition service, thereN
be combined into M
m=1
fore, an optimal composition service from the composition service space needs to be selected as the execution
path of the task T. The detailed description of the SCOS
process is comprehensively explained in the existing
study [2].

Cloud manufacturing service composition quality of service
evaluation

QoS aggregation functions The typical cloud manufacturing SCOS problem is that the optimal services are
selected by each subtask from the corresponding service
sets according to numerous QoS constraints, then the
task T is performed together. There are four main types
of service composition: sequential, parallel, selective and
cyclic, three of which (parallel, selective and cyclic) can be
transformed into the sequential structure by simplification [31]. To obtain the optimal service composition path,
the QoS indicators of cloud services need to be comprehensively evaluated, that is, the QoS indicators of the individual cloud service in the combined path are aggregated,
and then the optimal aggregated QoS value in whole composition paths is selected according to the user needs.
There are more than 20 QoS indicators for evaluating
service capability [32, 33], where parts of indicators have
been applied to manufacturing cloud services [27, 30, 34].
In this paper, we take time, cost, reliability and reputation
as QoS criteria of services. The aggregation function [35]
of sequential structure is shown in Table 2.
Where sm is the m-th service of composition services;
N′, q are the number of services and QoS attributes
respectively.
Table 2 QoS aggregation functions
QoS Indicators

Aggregation Functions

Time

q1 =

N ′

qSTem

q2 =

N ′

qSCtm

Reliability

q3 =

N ′

Reputation

q4 =

Cost

n′ =1
n′ =1

Sm
n′ =1 qRl
Sm
1 N ′
n′ =1 qRp
N′
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Attribute indexes normalization processing Because
of the measurement standards and units of each attribute are different, attributes can be divided into positive
attribute indicators(Qk+) and negative attribute indicators(Qk−). Therefore, before calculating the overall QoS
value, it is necessary to normalize the QoS value of each
indicator. The normalization calculation formula is as
follows
 q −min q
k
k
, min qk �= max qk
Qk+ = max qk −min qk
(1)
1, min qk = max qk

Qk− =



max qk −qk
max qk −min qk , min qk

�= max qk
1, min qk = max qk

(2)

In Eqs. (1) and (2) minqk and maxqk indicate the minimum and maximum aggregated values of the k-th QoS
attribute for all possible composition paths. The greater
the QoS value of positive attribute indicators, the better
the quality of the service, like reliability and reputation.
On the contrary, the smaller the QoS value of negative
attribute indicators, the better the quality of the service,
such as time and cost.
The most common way to evaluate the overall QoS value
is to convert the normalized QoS values of attributes into
a single QoS value by a simple weighting method. Multiplying the normalized QoS values by different weights to
calculate the QoS utility value. The QoS utility value (fitness value) is calculated by the following formula:

Max (QoS) = Max
ωk × Qk
(3)
K


ωk = 1

(4)

k=1

Where Qk represents the normalized value of the k-th
QoS attribute. ωk denotes the weight of the k − th attribute, K is the number of indicators, ωk ∈ [0, 1].
Proposed algorithm framework

In this paper, we propose a new cloud manufacturing
service composition algorithm (improved-TC) based
on the hybrid-TC [19], which combines TLBO [20,
36] and CSO [21] in the teaching phase of the original TLBO and the learning phase of the original TLBO
is improved. The whole algorithm framework includes
four stages: initialize-phase, teaching-phase, learning-phase and output-phase. Specifically, firstly, to
obtain better convergence, the Skyline query is added
in the initialize phase to filter high-quality candidate

services from the service sets, and generate composition services. Secondly, the composition service generated from the initialize phase is input to the teaching
phase, which combines the TLBO algorithm with CSO
algorithm. And the teaching phase searches for highquality services from the candidate service set again to
replace the composition service in the initialize phase.
Thirdly, the solutions obtained by the teaching-phase
will continue to be studied in the learning phase to
obtain better solutions that replace the old solutions.
To obtain a faster convergence speed and a better solution for the algorithm, we have improved in this phase.
Finally, the best result is updated by comparison continuously in the output-phase, and then output. The
overall framework of our method is shown in Fig. 2
and the specific operations are indicated in Fig. 4.
Next, we will introduce more details of the framework.
Initialize‑phase

In the initialization phase, some data required by the
algorithm is set, such as the number of subtasks t, maximum iterations Rmax etc. Besides, the most important
is that the initial population P generated, because it is
related to the convergence of the algorithm. Generally, P is generated randomly by selecting candidate
services
 s from service sets S, P =
 {P1, P2, …, Pn, …, PN},
Sm =  sm,1 , sm,1 , . . . , sm,n′ , . . . , sm,N′
,
Pn = s1,2 , s2,2 , . . . , sm,n′ , . . . , sM,N ′ , where Pn is the n-th
individual, N is the is the total number of population, Sm
represents the m-th service set, sm,n′ is the n′-th service of
service set Sm and M is equal to the number of subtasks
in task T. The algorithm has poor convergence and low
solution quality due to the fact that the randomly generated initial population is irregular.
To solve the problems above, the Skyline query [37,
38] is added to the initial processing. It theory is that
the balance of constraints can be found according to the
constraints between QoS, and obtain the best QoS value
from the whole service path, the pseudo-code shown in
Fig. 3. Skyline query can filter out some high quality services from the service set, the search range is reduced
when the algorithm searches the target. However, if the
number of candidate services for subtasks is too large,
the Skyline query can consume a long time.
Based on the problem above, we choose 1/5 of P (n of
Pn is 4/5 N) to be generated by Skyline query in the experiment. Moreover, the population generated by the Skyline
query is generated offline, which saved more time during
the service composition phase. After generating the population, we calculate and sort the fitness of all the populations, and save the optimal fitness value for comparison
in the fourth phase.
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Fig. 2 Framework of the proposed improved-TC, RS is Random Selection, SQ is Skyline Query, TLBO-T is TLBO-Teaching, CSO-HC is CSO-Horizontal
Crossover and TLBO-L is TLBO-Learning

Fig. 3 Skyline query Algorithm

Teaching‑phase

In the Teaching-Phase of original TLBO, only the individual with the best fitness value work by Eq. (5), in this

way, the new individuals learn nothing or learn all the
things taught by the best individual. Actually, the new
individual obtained by Teaching-Phase may be random
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Fig. 4 Improved-TC operation steps

proportion. Therefore, the mechanism of the TeachingPhase may lead to the phenomenon that the poor convergence speed and premature may occur for the results to
a certain extent. We found that the stability of the TLBO
is very poor in the experiment, in short, the results of
TLBO obtained by run experiments with the same experimental settings are quite different. Therefore, the horizontal crossover of CSO is added in this stage, which can
solve this problem.
Iterative procedure for the CSO algorithm, each iteration has two crossing methods: Horizontal crossover and
vertical crossover. Some dimensions in the population
that fall into the local optimum will have the opportunity to jump out of the iteration by these two crossover
methods. In this paper, we only use the horizontal crossover of CSO, the formulas horizontal crossover of CSO
are defined in Eqs. (7) and (8). Base on Eqs. (7) and (8),
the horizontal crossover searches for the new individuals
l1
(i.e. Pc,new
) in the population P. The new individuals (i.e.
l1
Pc,new ) are obtained by using two pairs of old individuals
l2
l1
(i.e. Pc,old
and Pc,old
,) and then execute the competition
operator. The competition operator is that if the fitness
of the new individual is better than the fitness of the old
individual, using the new individual replaces the old individual, else selecting the old individual as the offspring

individual. It can be seen that the updating of individuals is one-dimensional by Eqs. (7) and (8), which means
that the blind spots that cannot be searched by the old
individuals can be reduced, enabling the CSO algorithm
to have strong global search ability.
The important factor to be considered is that the strong
global searching ability of horizontal crossover improves
the solution quality but increases the time consumption
of algorithm. A good population ratio of TLBO and CSO
is very important to the algorithm, so we will determine
the population ratio of TLBO and CSO according to the
experiment, in form:
Teaching-phase:

PTi ′ ,new = PTi ′ ,old + r ∗ (Pteacher − TF ∗ Pmean )

(5)

TF = round(1 + rand(0, 1))

(6)

Where PTi ′ ,new and PTi ′ ,old represent the new and old
position of the i-th individual respectively; the mean
position Pmean can be calculated by the population mean;
Pteacher is the teacher, r is a random number in the interval
[0,1]; TF is the teaching factor that determines the change
in the mean value, TF can be 1 or 2.
Horizontal crossover of CSO:
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l2 ,d
l2 ,d
l1 ,d
l1 ,d
l1 ,d
Pc,new
= r1 ∗ Pc,old
+ (1 − r1 ) ∗ Pc,old
+ c1 ∗ Pc,old
− Pc,old

(7)
l2 ,d
Pc,new

=

l2 ,d
r2 ∗ Pc,old

l1 ,d
+ (1 − r2 ) ∗ Pc,old



l2 ,d
l1 ,d
+ c2 ∗ Pc,old
− Pc,old

(8)
Where r1, r2 are random numbers between [0,1]; c1, c2
l2 ,d
l1 ,d
are random numbers between [− 1,1]; Pc,old
and Pc,old
l2
l1
are the d-th dimension of Pc,old and Pc,old in the parent
l2
l1
population respectively; Pc,old
and Pc,old
represent the
old position of the l1-th and l2-th individual respectively;
l2 ,d
l1 ,d
l1 ,d
Pc,new
and Pc,new
are the d-th dimension offspring of Pc,old
l2 ,d
and Pc,old generated by horizontal crossover searches.
Obviously, the perturbation to the solution by horizontal crossover is one-dimensional, so the offspring can be
generated from a more fine-grained space.
Learning‑phase

In this stage, all offspring individuals increase their QoS
fitness values by interacting with a randomly selected
individual from the whole old individuals, such doing
has the problems of poor stability and slow convergence.
However, in the literature [19], we found that the onedimensional interaction of individuals is very helpful to
improve the convergence speed and enhance the stability
of the algorithm. Therefore, to improve the convergence
speed and enhance the stability of the algorithm, we are
inspired by Eqs. (7) and (8), so the Eqs. (9) and (10) are
improved to Eqs. (11) and (12). Similar to the horizontal crossover, the perturbation of the solution in Eqs. (11)
and (12) are one-dimensional, which can let some dimensions in the population that fall into the local optimum
can jump out of the iteration, thus the convergence speed
and the stability of the algorithm is enhanced. Specifij,h
cally, when an one-dimensional individual PL,old selected
k,h
randomly another one-dimensional individual PL,old
at
any iteration (where j ≠ k), two states can occur according to fitness values relative to each other: if the fitness of
j
j,h
k
PL,old is better than PL,old
then PL,new will be updated by
Eq. (11), else by Eq. (12). Next, it is need to further judge
j
j
whether the fitness value of PL,new is better than PL,old , if
j
better, replace PL,old , in form:
Learning of TLBO:


j
j
j
k
PL,new = PL,old + rj × PL,old − PL,old
(9)



j
j
j
k
− PL,old
PL,new = PL,old + rj × PL,old

(10)
j

Where rj is a random number in the range [0,1]; PL,new ,
j
and PL,old represent the new and old position of the j-th
k
individual respectively; PL,old
is the old position of the kth individual.

Improved learning of TLBO:


j,h
j,h
j,h
k,h
PL,new = PL,old + rj × PL,old − PL,old

(11)



j,h
j,h
j,h
k,h
PL,new = PL,old + rj × PL,old
− PL,old

(12)
j,h

Where rj is a random number in the range [0,1]; PL,new
j,h
j,h
k,h
is the h-th dimension offspring of PL,old ; PL,old and PL,old
represent the h-th dimension of the j-th individual and
the k-th individual respectively.
Output‑phase

This Output-Phase will output the best result. Before
that, we sort the individual fitness values learned in the
learning stage, select the maximum fitness value, and
compare it with the maximum fitness saved in the initialize-phase. If it better than the maximum fitness with the
initialize-phase, save it as the optimal fitness value, else
save the maximum fitness with the initialize-phase as the
optimal fitness value, the algorithm will continue to iterate. Then, in each subsequent iteration, the fitness value
of the current iteration is compared with the last optimal fitness value, the best fitness value is saved. In this
way, the old fitness value will be updated with new fitness
value until the maximum iteration is reached. Finally,
output the optimal value.
Experiments

In this section, three experiments are designed to verify
the effectiveness of improved-TC for cloud manufacturing SCOS problems in the large-scale environment. The
first experiment is to observe the influence of the selection of the population ratio (TLBO: CSO) on the results.
The second experiment is to verify the effectiveness of
the improved Learning-Phase and Skyline query. The
third experiment evaluates the performance of improvedTC in large-scale SCOS problem.
Experimental settings

Since there is no public dataset for cloud manufacturing
service composition at present, our experimental data are
randomly generated according to factual laws. Without
loss of generality, all QoS attribute values in our dataset
are randomly generated between [0.7, 0.95] [17]. In this
dataset, including 20,000 services, each service has 6
attributes: time, price, reliability, success rate, cost, and
reputation. In the experiments of this paper, we only use
the following four properties. The weights of time, cost,
reliability and reputation in the user’s QoS preference for
the task are chosen as w1 = 0.35, w2 = 0.3, w3 = 0.2, and
w4 = 0.15 [30]. Besides, Rmax = 1000, P = 40. Due to the
random-ness of generated data, the experiments for each
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test data are performed to run 20 times to make a fair
comparison.
The influence of improved‑TC population proportion
on quality of service values

Because of the horizontal crossover searches of CSO
algorithm from small granularity searches, the best
solution can be found in this way. However, if the proportion of CSO population is too large, many candidate
services will be included in the CSO search, making the
search time longer. In this case, it is difficult to guarantee
the quality of the model. To obtain the best ratio of the
population in the model, the proportion of CSO changes
from 0 to 100 with an increment of 10, as shown in Fig. 5,
where the meaning of the green rectangle rectangle is
the average QoS value corresponding to the proportion
of the CSO population. Each request is decomposed into
20 subtasks, each subtask corresponds to 50 candidate
services.
As one can see from Fig. 5, the optimal QoS values are
obtained as the proportion of CSO population grew from
0 to 100. According to Fig. 5, the average QoS rises rapidly as the proportion of CSO population increases from
0 to 10. This can be due to the fact that the CSO improves
the search ability of the algorithm. When the proportion
of CSO population changes from 10 to 20, the average
QoS value increases rapidly, which is because the search
ability of the algorithm becomes stronger as the proportion of CSO population increases. When the proportion
of CSO population increases from 20 to 70, the average
QoS value increases slowly. However, the QoS results
show almost parallel over the span of 70–100, and even

Fig. 5 The influence of CSO population proportion on QoS value
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the average QoS value has a downward trend at 80. This
indicates that the performance of the algorithm will reach
the bottleneck when the proportion of CSO population
reaches a certain number. It can be seen that when the
proportion of CSO population is equal to 70, the average QoS value obtained by the algorithm is the highest.
Therefore, the population ratio of 30:70 (TLBO: CSO) is
selected in this paper.
Convergence verification

In order to verify the Convergence for applying improved
learning phase in algorithms, Improved-TC, HybridTC [19] (Hybrid-TC with Skyline query), and NSK-TC
(Hybrid-TC without Skyline query) are compared in this
section. Each task T is decomposed into 10 subtasks, the
number of candidate services for each subtask is fixed as
50.
The convergence curves of the three different algorithms are shown in Fig. 6. It can be observed that when
the three algorithms obtain almost equal solutions,
Improved-TC has better convergence than Hybrid-TC
and NSK-TC. This is because in the small-scale environment, Improved-TC and Hybrid-TC are easier to find the
optimal solution of the algorithm. When the solutions
are close to the optimal solutions, the improved learning
phase enables the algorithm to converge faster. Specifically, Improved-TC algorithm converged at about 220th,
but at about 580th and 700th, respectively, for HybridTC, and NSK-TC. Furthermore, it can be observed from
Fig. 6 that in the initial stage, the QoS value obtained
with Improved-TC and Hybrid-TC are higher than the
NSK-TC, Moreover, the algorithms with Skyline query
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Fig. 6 Algorithms convergence curves

can achieve a slightly high QoS value than the algorithm
without Skyline query in the final result. This is because
the optimal services are selected from the candidate services by the Skyline query, which improves the solution
of the algorithm. Moreover, the algorithm with Skyline
query (Improved-TC and Hybrid-TC) converges faster
than the algorithm without Skyline query (NSK-TC),
which proves that Skyline query can reduce the search
space of the algorithm, thus making the convergence of
the algorithm better.
The performance of improved‑TC in large‑scale service
composition and optimization selection problems

In order to verify the effectiveness of our proposed
method in different size problem spaces. The improvedTC is compared with teaching–learning-based optimization (TLBO), hybrid-TC [19], particle swarm
optimization (PSO) [31], and IGWO [6]. These algorithms were chosen for comparison because they perform well in SCOS problems. The parameter settings of
all algorithms are shown in Table 3. In particular, because
improved-TC is improved on the basis of hybrid-TC,
all improved-TC parameter settings are the same as
hybrid-TC.
The size of the SCOS problem space has two important
dimensions: (1) The number of subtasks for each manufacturing task; (2) The number of candidate services in
the service set corresponding to each subtask. All the
algorithms will be tested in 9 sizes of the problem space,
as shown in Table 4. Where M represents the number of

subtasks, and N′ represents the number of candidate services corresponding to each subtask.
Figure 7 shows the box plot (median, dispersion, and
outliers) about the QoS values of the best solutions
obtained for the five algorithms after 20 independent
runs. The higher the median value indicates that the algorithm finds a better solution set in terms of QoS fitness
value than other algorithms. The lower dispersion value
and a small number of outliers mean that the solution set
obtained by the algorithm is robust compared with other
algorithms.
According to the results, the improved-TC obtained
the best results in nine situations. Similarly, Hybrid-TC,
TLBO, PSO, and GWO provide the second, third, fourth
best and the worst results, respectively. Careful observation reveals that as the problem space increases, the
QoS fitness values of the optimal solution are reduced
for all algorithms. This is because as the problem space
becomes larger, the algorithm has more targets to search,
and the algorithm’s search strength is insufficient. When
the number of subtasks is fixed and only the number of
the candidate services in the service set change from 150
to 450, the QoS fitness value of the optimal solution of
each algorithm does not decrease significantly, which
shows that the number of candidate services corresponding to the subtasks does not interfere much with the algorithms. When the number of subtasks change from 10 to
30, and the number of the candidate service corresponding to each subtask is fixed, the service QoS fitness values of the optimal solutions of each algorithm decreases
greatly, which shows that the number of subtasks has a
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Fig. 7 Performance comparison of different algorithms

Table 3 The settings of algorithm parameters QoS aggregation functions
Algorithm

Parameters

PSO

The inertia weight w varies from 0.9 to 0.7 linearly, the learning factors c1 varies from 2.5 to 0.5 linearly, while c2 varies from 0.5 to 2.5.

IGWO

The random vectors r1,r2 = rand[0, 1], the control coefficients c1 = 0.3 and θ = 2, while a varies from 2 to 0 linearly.

TLBO
Hybrid-TC
Improved-TC

The random vectors r, rj = rand[0, 1], the teaching factor TF is equal to 1 or 2.

The random vectors r, rj, r1, r2 = rand[0, 1], and the random numbers c1, c2 = rand[− 1,1], the teaching factor TF is equal to 1 or 2.
The random vectors r,rj, r1,r2 = rand[0, 1], and the random numbers c1, c2 = rand[−1,1], the teaching factor TF is equal to 1 or 2.
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Table 4 The different sizes of the problem space
Sizes

1

2

3

4

5

6

7

8

9

M

10

10

10

20

20

20

30

30

30

N′

150

300

450

150

300

450

150

300

450

great influence on the composition service. According to
Fig. 7, improved-TC, hybrid-TC and TLBO obtain better
solutions than the other two algorithms in all situations,
which shows that TLBO itself has certain advantages
in solving the SCOS problems. In terms of the dispersion of QoS fitness values, there are some differences.
The dispersion of PSO takes the worst in the situations
1 to3 while GWO falls to the worst in the situations 2 to
9. This is because the offspring generated by these two
algorithms are crossed with individuals as units, the evolutions of PSO and GWO is unstable in some iterations.
The improved-TC algorithm always produces the lowest
dispersion, so that it is the most stable.
Overall, compared with other algorithms, improvedTC can always search for the best solutions under the
same conditions. This is because the target is searched
from one dimension, which guarantees the good performance of the improved-TC algorithm. It not only
enhances the search range of the algorithm to avoid local
optima, but also improves the stability of the algorithm.
In addition, it can also be noticed that as the size of the
service composition problem space increases, the gap in
the solution set between improved-TC and other algorithms becomes more obvious.

Conclusions and future work
Cloud manufacturing is changing the development
prospect of manufacturing industry, so it is of great
significance to study cloud manufacturing. Under
the background of large-scale cloud manufacturing, we have developed a new optimization algorithm
(improved-TC) based on the hybrid-TC algorithm to
solve the large-scale service composition and optimal
selection (SCOS) problems. The algorithm is inspired
by the horizontal crossover of CSO in the hybrid-TC
teaching phase. In the learning phase of improvedTC, the multi-dimensional search method of the algorithm is changed to one-dimensional search, so that
some dimensions in the population that fall into the
local optimum have the opportunity to jump out of
the iteration. Besides, we adopted the Skyline query in
the initialize-phase, which can select the optimal services from the candidate services to improve the convergences of the algorithm. Experiments show the QoS
values of our algorithm in different cases, and by changing the number of different subtasks and candidate

services, we verify that our algorithm is effective and
stable in improving the quality of solutions. During
the experiment, we found that our proposed method
is effective in improving the QoS value, but it is not
suitable for dynamic service composition and optimal
selection (SCOS) problems. In the future research, we
will try to adopt dynamic adaptive models such as reinforcement learning to solve dynamic service composition and optimal selection (SCOS) problem.
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