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Abstract—As numerous Industrial Internet platforms emerge, 

manufacturing services are shared among multiple stakeholders 

more frequently than ever before. The optimal selection of shared 

manufacturing service composition (MSC) should promise both 

the task completion and the stakeholders’ satisfaction. However, 

as commercial entities, stakeholders concentrate on not only the 

temporary benefits but also the long-term acquisitions. Most of 

the existing MSC problems neglect the stakeholders’ prospect on 

the manufacturing service sharing. This leads to the 

disappointment and dissatisfaction of the stakeholders with 

long-term expectations, who will abandon the participation in 

Industrial Internet platform. Therefore, the long/short-term 

preferences of various stakeholders should be satisfied and 

balanced. In this paper, the long/short-term utility and 

preferences of three parties (provider, consumer, and operator) 

are first defined and discussed, and the models considering 

short-term utility of a consumer and long-term utility of providers 

are established. The potential tasks assigned to providers are 

taken into account to estimate the long-term utility if the current 

task is accepted. Then, to solve the bi-objective optimization 

problem, an improved Non-dominated Sorting Genetic 

Algorithm-II algorithm, combining Tabu search and improved 

K-means mechanism, is proposed to find the optimal solution set. 

Finally, the effectiveness of the method is verified by the 

experimental results in terms of solution diversity, astringency 

and stability, in which a finding is further observed that the 

changes of consumers’ preferences have little impact on the 

long-term utility of providers. 

 
Index Terms—Industrial Internet platform, Long/short-term 

utility, Manufacturing service composition, Non-dominated 

Sorting Genetic Algorithm-II 

 

I. INTRODUCTION 

ENTERING on manufacturing service sharing, the Industrial 

Internet platform is promoted by the reconstruction of 

industry chain and sharing economy. As being new consuming 

and business paradigms, sharing and collaborative 

consumption modes should not be ignored [1]. They have 

 
This work was supported in part by the National Natural Science Foundation 

of China under Grant 51875030, National Key Research and Development 

Program of China under Grant 2016YFB1101700, and the National Natural 

Science Foundation of China under Grant 51805020. 

Y. Zhang, F. Tao, P. Zhang, Y. Cheng and Y. Zuo are with the School of 

Automation Science and Electrical Engineering, Beihang University, Beijing 

100191, China (e-mail: ftao@buaa.edu.cn). Y. Liu is with the Department of 

Management and Engineering, Linköping University, SE-581 83, Linköping, 

Sweden (e-mail: yang.liu@liu.se). 

guided new production organizations, consumption patterns 

and enterprise operation modes. Meanwhile, numerous 

Industrial Internet platforms (such as GE Predix, ABB Ability, 

Siemens MindSphere, PTC ThingWorx, etc.) emerge, where 

available resources, knowledge, capabilities, etc. that 

encapsulated in form of manufacturing services can collaborate 

to perform tasks [2-3]. It is inevitable that the Industrial Internet 

platform will arouse the enthusiasm of manufacturing entities 

to participate in the intra-organizational service collaboration 

process. In order to sustain the participants’ interests, optimal 

selection of manufacturing service composition (MSC) should 

satisfy the stakeholders involved. 

The Industrial Internet platform is popular as a rising 

collaboration paradigm, aiming to realize the full sharing and 

circulation, high utilization, and on-demand use of 

manufacturing services among multiple stakeholders [4], in 

which manufacturing services are not limited to traditional 

production domain, but cover all stages of a product life cycle 

[5]. Appropriate MSC selection is more than the satisfaction of 

functional requirements. The psychological needs of different 

participants should also be considered for the optimal selection 

of MSC. Some stakeholders believe that long-term acquisitions 

outweigh temporary benefit. Hence, they pay more attention to 

the acquisition accumulated for some time. Meanwhile, some 

stakeholders only focus on the immediate gains such as 

consumers. However, majority of current studies of MSC 

concentrate on the fulfilment of the task requirements such as 

delivery time and price in current transaction. The stakeholders’ 

satisfaction especially their prospects are neglected. This 
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results in the dissatisfaction and disappointment of stakeholders 

with long-term preferences, and their enthusiasms and interests 

to the Industrial Internet platform will be lost. Therefore, it is 

necessary to balance the interests of various stakeholders with 

long-term or short-term preferences. 

Utility refers to the satisfaction degree that one receives as a 

result of its behaviors [6]. In this paper, long/short-term utility 

is a satisfaction measurement for each stakeholder in a short 

term or long term, in which a short term means the time spent 

on one transaction, and a long term is a period lasts from one 

transaction to the following several transactions. 

As an important part of smart manufacturing, 3D printing 

plays an important role in personalization and complex 

production. It greatly improves the production speed of the 

product and reduces the cost of production. Industrial Internet 

platform based 3D printing services can serve consumers a 

range of services to fulfill their vision [7]. In order to illustrate 

the service sharing process on Industrial Internet platform, an 

example of impeller based on 3D printing is presented, as 

shown in Fig.1. Firstly, the consumer should upload a picture 

on the platform and create an order. Then, the operator will 

arrange the services through MSC according to the 

requirements. After pricing, payment and transaction, the 

selected services including model design, model construction, 

model checking, 3D printing and distribution will be executed. 

On the basis of real-time status perception, the optimal 

selection of MSC would make contribution to the final product. 

Three types of stakeholders (providers, consumers and 

operators) are enrolled in the 3D printing operation flow. In 

order to create value sustainably and ethically, it is necessary to 

balance the interests of various stakeholders [8]. 

The operator always pursuits the long-term utility as he/she 

concentrates on platform development forever. Consumers and 

providers explore the feasibility in the initial stage of Industrial 

Internet platform, in which both of them focus on their 

short-term utility. Driven by the commercial profit, providers 

usually put more efforts into the sharing platform after a period 

of successful participation, in which long-term utility becomes 

the emphasis. Accordingly, the increasing number in providers 

stimulates more consumers to join in the platform with the large 

amount of available manufacturing choices and the high quality 

of task completion. In order to facilitate the long-term stable 

development of Industrial Internet platform, the 

long/short-term utility for each stakeholder should be fully 

considered and guaranteed. In this paper, the long-term utility 

of providers, short-term utility of a consumer and long-term 

utility of the operator will be considered to fulfill the 

consumer’s task. 

The remainder of this paper is structured as follows. Section 

II describes the related work, while in section III, MSC problem 

in Industrial Internet platform is introduced. Section IV outlines 

the utility models for the stakeholders. Section V proposes an 

improved Non-dominated Sorting Genetic Algorithm-II 

(NSGA-II) algorithm in solving multi-objective optimization 

problem. Section VI assesses the experimental results of the 

problem. Section VII concludes the paper and discusses the 

future work. 

II. RELATED WORK 

As the key issue for manufacturing service sharing on the 

Industrial Internet platform, the optimal selection of MSC with 

multiple objectives is of significance. The goals of existing 

studies on MSC can be mainly classified into four categories: (1) 

Non-functional QoS (Quality of Service) attributes, 

representing consumers’ requirement, are the fundamental to be 

considered. Tao et al. researched MSC problem solved by 

Particle Swarm Optimization algorithm based on QoS, 

primarily including the required factors of delivery time, cost, 

reliability, maintainability and trust [9]. An ant colony 

optimization approach was utilized to discuss the 

multi-objective optimization problem with various QoS 

parameters such as reliability, makespan and cost [10]. Zhou et 

al. proposed an artificial bee colony algorithm for 

manufacturing service selection with the consideration of 

delivery time, cost, availability and reliability [11]. A 

Generalized Differential Evolution algorithm yields good 

performances on QoS-aware service composition problem [12]. 

An improved Non-dominated Sorting Genetic Algorithm is 

investigated to exploit QoS-aware service selection problem 

[13]. A tactical service selection that are used throughout a 

mid-term planning horizon with a service reconfiguration to 

satisfy the cost minimization objective is proposed [14]. The 

service selection problem by representing services' QoS values 

as discrete random variables with probability mass functions 

are addressed using simulated annealing approach [15]. (2) 

System performances, including system overhead, execution 

rate of tasks, operational cost, operational risk etc., which 

represent the operator’s concerns, are considered. The 

scheduling strategy that Randles et al. proposed can both 

guarantee the load balancing and reduce the execution time [16]. 

Specifically, energy has been paid much attention in the device 

level services [17]. Driven by perceived real-time energy and 

production efficiency information, an enhanced Pareto-based 

bees algorithm is proposed to improve the sustainability of 

manufacturing equipment services [18]. Deng et al. proposes a 

risk model and clarifies the risk of mobile service composition; 

and then proposes a service composition approach by 

modifying the simulated annealing algorithm [19]. A hybrid 

Genetic Algorithm is proposed to solve the bi-objective 

optimization problem from both economic and ecological 

perspectives [20]. (3) Revenue of service providers is taken into 

account. Lee established a pricing model to help service 

providers improve resource utilization and increase profit 

within the satisfactory level of service consumer [21]. Aiming 

at users’ different QoS requirement and system cost, Li et al. 

proposed an optimistic differentiated service job scheduling 

system to promote providers’ revenue [22]. A novel 

composition framework for a service provider that selects the 

optimal set of long-term service requests to maximize its profit 

is proposed [23]. (4) Utility is referenced to reflect multiple 

participants’ satisfaction [6, 24-25]. Aiming at improving the 

comprehensive utility of three parties or users, a utility 

coordination method is proposed [24]. In addition, 

comprehensive utility models, considering energy consumption, 

costs, and risks for the three parties (provider, consumer, and 
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operator), are established in the service scheduling process in a 

cloud manufacturing system [6]. 

According to the literatures reviewed, some limitations can 

be concluded as follows. 

(1) As optimal selection of MSC involving multiple 

stakeholders, the key issues are more than composition 

efficiently and self-utility satisfied. Consumer requirement 

satisfaction has attracted much attention, while the 

comprehensive utility of multiple stakeholders has been the 

least important objective. 

(2) The temporal conditions are usually considered to be an 

important factor to ensure customer satisfaction in MSC 

selection, ignoring the potential or the possibility of upcoming 

tasks that may affect the utility stakeholders may obtain. 

(3) Most of the existing approaches reduce the 

multi-objective optimization problem to an aggregated 

objective problem, which needs weighting sufficient prior 

knowledge. 

As commercial entities, the psychological needs of 

stakeholders are not limited to the temporary benefits, while the 

long-term utility is also the key point to be considered in 

manufacturing services sharing. In addition, as the MSC 

problems are multiple stakeholders involved, maximizing their 

own satisfactions is the goal, which is evidently conflicting. 

Hence, an optimal solution may not be expected to be obtained. 

A set of compromise solutions is necessary to be found to 

realize the trade-off of multiple stakeholders. Therefore, based 

on the long/short-term utility of different stakeholders, the 

trade-off of multi-participants should be investigated. Due to its 

high availability, suitable convergence, high operating 

efficiency, good uniformity of solution set, and the ability to 

conduct parallel search [26], the Non-dominated Sorting 

Genetic Algorithm-II (NSGA-II) and its improvements are 

widely employed to solve multiple-objective optimization 

problems. However, few multi-objective algorithms have been 

used to address MSC problems. In this paper, three parties 

(provider, consumer, and operator) are considered in the 

problem of optimal selection of MSC. The performance indices 

that each side concerns are evidently conflicting. In addition, 

due to the large-scale candidate MSCs, a set of equivalent 

solutions that uniformly distributed should be obtained in an 

acceptable span of time, so as to care for the majority of the 

providers. In NSGA-II, the crowding distance guarantees the 

uniform distribution of Pareto solutions. Non-dominated 

Sorting mechanism accelerates the convergence speed in large 

searching space. In addition, the elitist strategy significantly 

prevents the loss of good solutions once they have been found. 

Therefore, NSGA-II is suitable for solving the problem. 

In summary, there are following 3 innovative contributions 

in this article compared to the existing research: 

(1) The long-term and short-term utility are introduced to 

reflect the stakeholders’ aspiration in manufacturing service 

sharing, which are closer to real psychological needs of 

stakeholders in commercial activities. 

(2) The models of the long-term utility of providers and 

short-term utility of a consumer are established, in which the 

potential tasks allocated to providers are considered to estimate 

the long-term utility when the current task is accepted. 

(3) To solve the long/short-term utility based multi-objective 

optimization problem, an improved NSGA-II algorithm is 

proposed by combining Tabu search (TS) and improved 

K-means mechanism, which promote the global searching 

ability, astringency and the diversity of solutions. 

III. PROBLEM DESCRIPTION 

The main goal of this paper is to fulfill a consumer’s order by 

compositing shared manufacturing services, which intends to 

trade-off the long/short-term utilities of three stakeholders, i.e. 

long-term utility of the operator, short-term utility of a 

consumer and long-term utility of providers. The operator of 

the platform is in charge of the manufacturing services and 

transactions. The pursuit of long-term utility by the operator is 

mainly manifested as the expectation with high degree of 

satisfaction of consumers and providers and high task 

completion rate. All tasks submitted by consumers should be 

completed with satisfaction and efficiency. Hence, the 

contentment of consumers and providers will satisfy the 

operator. This paper emphasizes the optimal selection of MSC 

based on short-term utility of a consumer and long-term utility 

of providers, as shown in Fig. 1. 

The MSC problem consisting of multiple providers, the 

operator and one consumer is studied. The consumer seeks for 

short-term utility (𝑈𝐶) as they value the satisfaction obtained 

while time constraint (𝑇𝑚𝑎𝑥
𝑅𝑒𝑞

) and budget (𝐶𝑚𝑎𝑥
𝑅𝑒𝑞

) constraint 

during a transaction. A consumer submit an order that can be 

denoted as 𝑂= {𝑆𝑇, 𝑇𝑚𝑎𝑥
𝑅𝑒𝑞

, 𝐶𝑚𝑎𝑥
𝑅𝑒𝑞

, 𝑄𝑚𝑖𝑛
𝑅𝑒𝑞

}, in which minimum 

quality (𝑄𝑚𝑖𝑛
𝑅𝑒𝑞

) is also presented. A complex manufacturing task 

ST, which can be decomposed and represented by 𝑆𝑇 = 

{𝑆𝑇1, 𝑆𝑇2, … , 𝑆𝑇𝑛}, where n is the total number of subtasks, is 

contained. 𝑈𝐶 is mainly in connection with the product quality 

utility (𝑈𝑄
𝐶), delivery time utility (𝑈𝑇

𝐶) and cost utility (𝑈𝐶
𝐶 ) 

obtained from this transaction. 

Long-term utility of providers (𝑈𝑃) embodies as the conflict 

between upcoming stochastic tasks with the current task. 

Before accepting the current task, a provider should consider 

the potential tasks allocated to him, which may generate a 

higher utility. In this paper, the possibility of another task 

allocated to a provider during the execution period is 

considered to describe the long-term utility of providers. 

Meanwhile, as the accurate acquisition of potential tasks is 

difficult before they are submitted, potential task allocated to 

will be estimated as Ẽ𝛼[𝑈𝑃𝑖𝑗�̃�], where optimistic coefficient 𝛼 

is introduced to evaluate a provider’s confidence in the 

management condition. Successful transactions heavily depend 

on the providers’ credit, which can be represented as the rate of 

keep faith (𝜂) obtained from the transaction history. Any one 

from providers in a service composition breaks faith, which 

will lead to more time and cost spent or even the failure of 

transaction. The break faith behavior disappoints the consumer 

and damages the reputation of the operator and providers, 

influencing the short-term utility of consumer and the 

long-term utility of the operator. In addition, 𝑈𝑃 is related to 

trust utility (𝑈𝑡𝑟
𝑃 ), delivery time utility (𝑈𝑇

𝑃) and cost utility (𝑈𝐶
𝑃) 
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obtained from this transaction. Assuming that services are 

provided by different providers respectively, the nomenclature 

are defined as shown in Table I. 

IV. PROBLEM MODELING OF MSC CONSIDERING LONG/SHORT 

–TERM UTILITY 

A. Short-term model for a consumer 

Minimizing both the delivery time and cost and maximizing 

the product quality are selected as the three objectives for a 

consumer’s short-term utility. The three objectives are 

contradictory in nature, in which low price often leads to a poor 

quality or a long delivery time. The preferences of different 

consumers on the three objectives are variable which reflects on 

the proportion of 𝜔k
𝐶 . Mathematically, exponential utility 

function is utilized to indicate the risk aversion of the users. So 

the short-term utility for a consumer (𝑈𝐶) can be expressed as 

follows.  

UC = ∑ 𝑈k
𝐶𝐾

k=1 = 𝜔𝑐
𝐶𝑈𝐶

𝐶 + 𝜔𝑡
𝐶𝑈𝑇

𝐶 + 𝜔𝑄
𝐶 𝑈𝑄

𝐶 = 𝜔𝑐
𝐶𝑒−𝛾𝑐

𝐶𝐶𝐶
+

𝜔𝑡
𝐶𝑒−𝛾𝑡

𝐶𝑇𝐶
+ 𝜔𝑄

𝐶 ∗ Q𝐶 (1) 

where 𝑈𝐶
𝐶 ,  𝑈𝑇

𝐶  and 𝑈𝑄
𝐶  are the cost utility, time utility and 

quality utility, respectively. 𝛾𝑐
𝐶  and 𝛾𝑡

𝐶  are the relevant 

compensation factor. 𝜔𝑐
𝐶 , 𝜔𝑡

𝐶  and 𝜔𝑄
𝐶  are utility preferences, 

which represent the consumer’s type such as cost-sensitive, 

time sensitive and quality-sensitive, and 0 ≤ 𝜔𝑐
𝐶 , 𝜔𝑡

𝐶 , 𝜔𝑄
𝐶 ≤ 1. 

{

𝜔𝑐
𝐶 > 𝜔𝑡

𝐶 , 𝜔𝑄
𝐶 , 𝐶𝑜𝑠𝑡 − 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑟

𝜔𝑡
𝐶 > 𝜔𝑐

𝐶 , 𝜔𝑄
𝐶 , 𝑇𝑖𝑚𝑒 − 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑟

𝜔𝑄
𝐶 > 𝜔𝑡

𝐶 , 𝜔𝑐
𝐶 , 𝑄𝑢𝑎𝑙𝑖𝑡𝑦 − 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑟

 

It is assumed that the candidate services selected are 

available and functional satisfaction during the execution time. 

The waiting time can be ignored. Therefore, the consumer’s 

cost, total execution time and product quality can be calculated 

as follows. 

C𝐶 = ∑ ∑ (𝑆𝑒𝑙𝑖𝑗 ∗ (𝑒𝑖𝑗 × 𝑡𝑒𝑖𝑗)
𝑚𝑖
𝑗=1

𝑛
𝑖=1 + 𝑒𝑖𝑗

0 ) (2) 

T𝐶 = ∑ ∑ (𝑆𝑒𝑙𝑖𝑗 ∗ 𝑡𝑒𝑖𝑗)
𝑚𝑖
𝑗=1

𝑛
𝑖=1  (3) 

Q𝐶 = ∏ ∑ (𝑆𝑒𝑙𝑖𝑗 ∗ 𝑄𝑖𝑗)
𝑚𝑖
𝑗=1

𝑛
𝑖=1  (4) 

UC(𝑆𝑒𝑙𝑖𝑗) = 𝜔𝑐
𝐶𝑒

−𝛾𝑐
𝐶 ∑ ∑ (𝑆𝑒𝑙𝑖𝑗∗(𝑒𝑖𝑗×𝑡𝑒𝑖𝑗)

𝑚𝑖
𝑗=1

𝑛
𝑖=1 +𝑒𝑖𝑗

0 )
+

𝜔𝑡
𝐶𝑒

−𝛾𝑡
𝐶 ∑ ∑ (𝑆𝑒𝑙𝑖𝑗∗𝑡𝑒𝑖𝑗)

𝑚𝑖
𝑗=1

𝑛
𝑖=1 + 𝜔𝑄

𝐶 ∗ ∏ ∑ (𝑆𝑒𝑙𝑖𝑗 ∗ 𝑄𝑖𝑗)
𝑚𝑖
𝑗=1

𝑛
𝑖=1  (5) 

B. Long-term model for providers 

According to the subtasks divided, multiple providers with 

various contributions are involved in the transaction. The total 

long-term utility shouldn’t be distributed equally, or the 

providers with more efforts and resources spent will be 

disappointed and lose their enthusiasms in the platform. The 

total long-term utility of providers are defined as 

UP = ∑ ∑ 𝑈𝑃𝑖𝑗 ∗ 𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑒(𝑈𝑃𝑖𝑗)
𝑚𝑖
𝑗=1

𝑛
𝑖=1  (6) 

𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑒(𝑈𝑃𝑖𝑗) = 𝐶𝑖𝑗
𝐶 /C𝐶 (7) 

Accepting current task means to abandon the tasks allocated 

to a provider during the execution time. A provider who 

pursues short-term utility will accept any task bringing benefit 

without considering the potential tasks. However, a provider 

with long-term utility aspiration will balance the utility 

obtained between accepting and refusing the current work. 

Provider’s utility can be calculated as follows. 

𝑈𝑃𝑖𝑗 = 𝑃𝜛𝑈𝑃𝑖𝑗0 + 𝑃𝜔(𝑈𝑃𝑖𝑗0 − Ẽ𝛼[𝑈𝑃𝑖𝑗�̃�]) (8) 

As the accurate acquisition of upcoming tasks is difficult 

before they are submitted, potential utility will be estimated, 

which is heavily affected by the provider’s confidence in the 

management condition and the trust. 

Ẽ𝛼[𝑈𝑃𝑖𝑗�̃�] = 𝛼 ∗ 𝑈𝑃𝑖𝑗�̃�
+

+ (1 − 𝛼) ∗ 𝑈𝑃𝑖𝑗�̃�
−

 (9) 

𝑈𝑃𝑖𝑗�̃� = [𝑈𝑃𝑖𝑗�̃�
−

, 𝑈𝑃𝑖𝑗�̃�
+

] = [(1 − 𝜂𝑖𝑗) ∗ 𝑈𝑃𝑖𝑗0, (1 + 𝜂𝑖𝑗) ∗

𝑈𝑃𝑖𝑗0] (10) 

𝑃𝜛 = e−λ𝑖𝑗𝑡𝑒𝑖𝑗 (11) 

𝑃𝜔 = 1 − 𝑃𝜛 = 1 − e−λ𝑖𝑗𝑡𝑒𝑖𝑗 (12) 

𝑈𝑃𝑖𝑗0 = ∑ 𝑈r
𝑃R

𝑟=1 = 𝜔𝑐
𝑃𝑈𝐶

𝑃 + 𝜔𝑡
𝑃𝑈𝑇

𝑃 + 𝜔𝑡𝑟
𝑃 𝑈𝑡𝑟

𝑃 = 𝜔𝑐
𝑃𝑒−𝛾𝑐

𝑃𝐶𝑖𝑗
𝑃

+

𝜔𝑡
𝑃𝑒−𝛾𝑡

𝑃𝑇𝑖𝑗
𝑃

+ 𝜔𝑡𝑟
𝑃 ∗ 𝜂𝑖𝑗 (13) 

𝐶𝑖𝑗
𝑃 = 𝐶𝐵

𝑃 + 𝑐𝑖𝑗 × 𝑡𝑒𝑖𝑗 (14) 

𝑇𝑖𝑗
𝑃 = 𝑡𝑒𝑖𝑗 (15) 

where 𝑈𝐶
𝑃,  𝑈𝑇

𝑃 and 𝑈𝑡𝑟
𝑃  are the cost utility, time utility and 

trust utility, respectively. 𝛾𝑐
𝑃  and 𝛾𝑡

𝑃  are the relevant 

compensation factor. 𝜔𝑐
𝑃 , 𝜔𝑡

𝑃  and 𝜔𝑡𝑟
𝑃  are provider’s utility 

preferences, and 0 ≤ 𝜔𝑐
𝑃 , 𝜔𝑡

𝑃 , 𝜔𝑡𝑟
𝑃 ≤ 1. 

TABLE I 

NOMENCLATURE 

Notations 

i=1,2,…,n number of subtasks 

j=1,2,…,𝑚𝑖 number of shareable services subject to subtask i 

S𝑖𝑗  the service of provider P𝑖𝑗 that meet the functional 

requirement of subtask i 

k=1,2,…,K criteria of consumer’s utility 

r=1,2,…,R criteria of provider’s utility 

𝑈k
𝐶  consumer’s short-term utility of the criterial k 

𝑈r
𝑃  provider’s long-term utility of the criterial r 

𝜔k
𝐶  weight of 𝑈k

𝐶, and ∑ 𝜔𝑘
𝐶K

k=1 = 1 

𝜔r
𝑃  weight of 𝑈r

𝑃, and ∑ 𝜔r
𝑃P

r=1 = 1 

𝑄𝑖𝑗  product quality of S𝑖𝑗 

T𝐶  total execution time of task 

𝑡𝑒ij  execution time of S𝑖𝑗 

𝐶𝐶   

𝑄𝐶  

consumer’s cost 

product quality 

𝐶𝑖𝑗
𝐶   user cost on S𝑖𝑗 

𝑒𝑖𝑗  rent cost per unit time of service provided by P𝑖𝑗 

𝑐𝑖𝑗  cost of P𝑖𝑗per unit time 

𝑒𝑖𝑗
0   task management expense of the operator 

𝑐𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑒(𝑈𝑃𝑖𝑗)   the contribution of P𝑖𝑗 

Ẽ𝛼[𝑈𝑃𝑖𝑗�̃�]  potential utility generated except current task during 

the execution time of P𝑖𝑗 

𝜂𝑖𝑗  trust of P𝑖𝑗, which is the ratio of the keep faith times 

and total task accept times 

𝑃𝜔  probability of other tasks allocated during execution 

time 

𝑃𝜛  probability of no other tasks allocated during 

execution time 

λ𝑖𝑗  frequency of tasks allocated to P𝑖𝑗 

𝑈𝑃𝑖𝑗0  P𝑖𝑗’s utility on current task 

𝐶𝑖𝑗
𝑃  P𝑖𝑗’s total cost 

𝐶𝐵
𝑃  basic expense of service management by provider, 

including service publication fee, service 

maintenance fee, etc. 

Decision variable 

Sel a matrix for recording the selection of services, 

Sel = (Sel𝑖𝑗|𝑖 = 1,2, … , 𝑛; 𝑗 = 1,2, … , 𝑚𝑖), where 

Sel𝑖𝑗 = {
1,  S𝑖𝑗  𝑖𝑠 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑

0,  S𝑖𝑗  𝑖𝑠 𝑛𝑜𝑡 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑
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UP(𝑆𝑒𝑙𝑖𝑗) = ∑ ∑ 𝑆𝑒𝑙𝑖𝑗 ∗ {(
𝜔𝑐

𝑃𝑒−𝛾𝑐
𝑃𝐶𝑖𝑗

𝑃

+ 𝜔𝑡
𝑃𝑒−𝛾𝑡

𝑃𝑇𝑖𝑗
𝑃

+𝜔𝑅𝑒𝑝
𝑃 ∗ 𝜂𝑖𝑗

) ∗
𝑚𝑖
𝑗=1

𝑛
𝑖=1

[e−λ𝑙𝑡𝑒𝑖𝑗 + (1 − e−λ𝑖𝑗𝑡𝑒𝑖𝑗) ∗ (𝜂𝑖𝑗 − 2𝛼𝜂𝑖𝑗)]} ∗
𝐶𝑖𝑗

𝐶

C𝐶 (16) 

C. Objectives and constraints 

Objective functions can be written to maximize the 

short-term utility of a consumer and the long-term utility of 

providers. Based on equations given in (5) and (16), the 

formulas of these two objectives can be written as follows. 

max 𝑈 (𝑆𝑒𝑙𝑖𝑗) = (𝑈𝐶(𝑆𝑒𝑙𝑖𝑗), 𝑈𝑃(𝑆𝑒𝑙𝑖𝑗))𝑇 (17) 

𝑠. 𝑡.  

∑ 𝑆𝑒𝑙𝑖𝑗 = 1, 𝑖 = 1, … , 𝑛
𝑚𝑖
𝑗=1  (18) 

C𝐶 < 𝐶𝑚𝑎𝑥
𝑅𝑒𝑞

 (19) 

T𝐶 < 𝑇𝑚𝑎𝑥
𝑅𝑒𝑞

 (20) 

Q𝐶 > 𝑄𝑚𝑖𝑛
𝑅𝑒𝑞

 (21) 

The constraint (18) denotes that only one service should be 

selected to complete a subtask, and the constraint (19) means 

that the consumer cost cannot exceed the budget. The constraint 

(20) indicates that the delivery time are less than the time 

constraint. The constraint (21) represents that the final product 

quality must be no less than the consumer’s request. 

V. AN IMPROVED NSGA-II ALGORITHM FOR ADDRESSING 

MSC PROBLEM 

A. NSGA-II algorithm 

The long/short-term utility based MSC problem are naturally 

multi-objective optimization problem, in which two objectives 

are required to be optimized simultaneously. NSGAII 

algorithm, that non-dominated sorting and crowding distance 

sorting are employed, raised by Deb in 2002 [27]. The process 

of NSGAII algorithm can be concluded as follows: 

Step 1. The NSGAII algorithm conducts non-dominated 

sorting on randomly generated initial population P0, where each 

individual will be given an order. Then the binary tournament 

selection mechanism is used to select, cross, and mutate, 

obtaining the new population G0. 

Step 2. Gt and Pt are combined as St= Pt∪Gt. Then conduct 

non-dominated sorting on St., and layer the population. 

According to the crowding distance, individuals on each level 

will be sorted again in decreasing order, which are expressed as 

F1, F2…and Fn respectively. 

Step 3. According to the crowding distance, several 

individuals from Fi need to be picked to constitute N 

individuals with the first (i-1) level(s) to constitute Pt+1, the 

parent generation of next generation. 

Step 4. If the iterative algebra request is satisfied, algorithm 

stop. Otherwise, the population Pt+1 in genetic improvement to 

form population Gt+1. Then repeat step 2 to step 4. 

B. Cluster based NSGA-II algorithm combining Tabu search 

mechanism (CNSGAII-TS) 

In order to improve the solution diversity and accuracy, a 

cluster based NSGAII algorithm combining Tabu search 

mechanism (CNSGAII-TS) is proposed. Firstly, NSGAII 

algorithm, which sorts according to the crowding distance, will 

easily select two near solutions from Pareto frontier [28]. 

According to the crowding distance sorting with the improved 

K-means cluster mechanism, appropriate individuals that both 

have large crowding distance and uniformity will be selected. 

In addition, the local search ability of NSGAII algorithm is 

weak, which is easy to fall into local optimum [29]. As TS has 

very good local search ability, this paper combines TS and 

NSGAII algorithm to search for diverse solutions. 

CNSGAII-TS algorithm is improved from the following two 

aspects: 

(1) Diverse set of Pareto solution is obtained, combining the 

improved K-means cluster mechanism and the crowding 

distance sorting. 

The parent generation of next generation Pt+1 is obtained by 

selecting N individuals from St. The NSGAII algorithm 

conducts non-dominated sorting to divide them into levels of F1, 

F2, F3, …, Fn first. If the sum of first (i-1) level(s) of individuals 

is smaller than N and the sum of first i levels of individuals is 

bigger than N, Fi is called critical level in this paper. Then 

according to the crowding distance sorted from large to small in 

Fi, several individuals are picked, together with individuals in 

the first (i-1) levels, forming Pt+1. For example, the population 

number of Pt+1 is 50, while the number of first four levels of 

non-dominated sorting is 42. And the number of first five levels 

is 52. Therefore, 8 individuals need to be selected out of the 10 

spots in F5. As shown in Fig. 2 (a), according to the crowding 

distance, 8 individuals in the red circle will be chosen in the 

NSGAII algorithm. 

However, the distance between the second and third 

individuals are too close, as well as the distance between the 

eighth and ninth individuals. Due to the too short crowding 

distance, the fifth and sixth individuals are abandoned despite 

they are less centralized, which reduce the diversity of the 

solutions. Therefore, an improved K-means cluster is firstly 

conducted to coordinate with crowding distance sorting, 

changing the Euclidean distance into half crowding distance. 

Half crowding distance is the sum of a rectangular side length 

  
(a) The selected individuals in               (b) Half crowding distance  

NSGAII algorithm                                  

  
(c) The clusters in                           (d) The selected individuals in 

CNSGAII algorithm                                 CNSGAII algorithm 

Fig. 2. The individuals’ selection process 
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whose diagonal vertices are the neighboring two individuals, as 

shown in Fig. 2 (b). In order to promote the diversity of 

solutions, the two extreme points, the first solution and the last 

one, should be retained. Therefore, cluster the remaining 8 

solutions into 6 clusters, as circled in Fig. 2 (c). If there are 

more than one solution in a cluster, the solution with the biggest 

crowding distance will be chosen in each cluster, as shown in 

Fig. 2 (d). 

Through the above figures, we may clearly see that the 

solutions by crowding distance sorting with cluster mechanism 

are more diversified than those by NSGAII algorithm that 

depends on crowding distance sorting. 

(2) The search memory mechanism and powerful local 

search ability of Tabu are introduced to make Pareto solution 

set closer to Pareto frontier and promote the diversity of the 

solution set. 

TS is an expansion of neighborhood search [30-31]. 

According to a current solution and a type of neighborhood 

structure given, several candidate solutions will be determined 

in the current solution neighborhood. If the objective function 

value of the best candidate solution surpasses the retained best 

solutions, its Tabu characteristic will be neglected. At the same 

time, it will substitute current solution and the best solution, 

and the corresponding characteristic is added to the Tabu list. If 

the above candidate solution does not exist, pick the best 

non-Tabu solution as the new current solution, disregarding the 

quality of it. Meanwhile, the corresponding characteristic will 

be added to the Tabu list. Keep carrying on the above steps, 

until the stop rule is satisfied. 
Start

Generate initial population P0 

Gen=1

St=Pt∪Gt∪Tt

Gen<Genmax

Stop

Gen=Gen+1

Parent generation 

individuals Pt

Heredity 

operator  Gt

Tabu search 

Tt

Select individuals 

for next generation

Non-dominated sorting

Crowded distance sorting 

with cluster mechanism

Select one solution in 

each kind

Y

N

Y

N

Non-dominated 

sorting

Critical level 

exists?

 
Fig.3.  The flow chart of the proposed algorithm 

TS contains aspiration criterion. Tabu strategy can be 

concluded as follows: (1) The initial solution is randomly 

selected from the F1 layer of non-inferior sorting. As initial 

solution is important for Tabu search, it is better than randomly 

generated solution. (2) The neighborhood search range should 

be gradually reduced with the number of iterations according to 

the following equations. 

𝑋𝑗 = 𝑋0 + 𝑟𝑎𝑛𝑑 ∗ scale (22) 

scale = scale ∗ φ (23) 

where 𝑋𝑗 is jth individuals, and 𝑋0 is initial individuals. 𝑟𝑎𝑛𝑑 

represents random number. scale indicates neighboring region. 

And φ is the coefficient. (3) Tabu list memorizes the excellent 

solutions generated during the search process with explicit 

memory. After some experiments, Tabu list is set to 6, which is 

better than other test number. As there is no optimal value for 

multi-object optimize problem, the two solutions are compared 

as follows. If solution A can dominate solution B, that is, each 

objective function value of solution A is better than these of 

solution B. It is considered that solution A is better than 

solution B. Otherwise, if solution A cannot dominate solution B, 

it cannot be said that solution A is better than solution B. 

Moreover, it accepts the suboptimal solution, which has perfect 

mountain climbing ability. It can come up with the local 

optimal solution with a higher probability of reaching the 

global optimal solution.  

The solution set and parent generation individuals are 

generated after TS, combined with individuals generated by the 

heredity operator, which represented as a solution set St=Pt∪

Gt∪Tt. Pt is parent generation individuals. Gt is individuals 

generated by the heredity operator. Tt is individuals generated 

by TS. Then conduct non-dominated sorting on St again based 

on the cluster mechanism. This would improve the local search 

ability of the algorithm, avoid falling into “prematurity”, and 

obtain solution set close to Pareto frontier. The flow chart of 

CNSGAII-TS algorithm is shown in Fig. 3. And the process of 

CNSGAII-TS algorithm can be concluded as follows: 

Step 1. Randomly generate an initial population P0 whose 

number is N. 

Step 2. Conduct non-dominated sorting on P0, and layer the 

population. Make t=0. 

Step 3. Conduct the heredity operator (selecting, crossing, 

mutating), and generate individuals Gt. 

Step 4. Conduct TS, and generate individuals Tt. 

Step 5. Combine parent generation individuals Pt, 

individuals Gt generated by the heredity operator, and 

individuals Tt generated by TS into population St=Pt∪Gt∪Tt. 

Conduct non-dominated sorting on St. If the critical level exists, 

then continue to step 6. Otherwise, jump to step 7. 

Step 6. Pick from the individuals in critical level Fi, conduct 

the crowded distance sorting with cluster mechanism, and 

constitute N individuals with the first (i-1) level(s) as next 

parent generation of Pt+1. 

Step 7. After constituting the new parent generation, repeat 

step 3 to 7 until the iterative termination condition is satisfied. 

The algorithm allows the following natural coding schemes. 

The binding of a service composition with n tasks is made up of 

n genes encoded by chromosomes. The ith gene identifies the 

ST1 ST2 STn

MS1,1

MS1,2

…

…

MS1,mi

MSn,1

MSn,2

…

MSn,mi

genome

concrete 

services

…    … 

 

Fig.4.  The encoding scheme of the proposed algorithm 
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service selected in the i-th subtask. The ith gene takes a value of 

the allele set {1, …, mi}. The crossover operator is the 

arithmetic crossover operator and the mutation operator is 

non-uniform mutation. In order to reduce the time complexity, 

the cluster judgment condition is built when the number of 

critical layer solutions is larger than the number of solutions to 

be selected. And TS will be performed every 2 generations. The 

encoding scheme is shown in Fig. 4.  

VI. EXPERIMENTS AND RESULTS 

A. Experiments setup 

In this section, a 3D printing task is taken as a case study to 

verify the validity and rationality of the proposed CNSGAII-TS 

algorithm for the long/short-term utility based MSC problem. A 

picture or drawing of impeller is submitted on the platform by a 

consumer for 3D printing. The task is completed by the 

following steps. The first step is impeller model design 

including structural design and parameter design. The second 

procedure is 3D model construction according to the design 

details. Next step is model checking such as the inspection of 

closure, non-manifold and thickness. Then 3D metal printer is 

used for impeller printing. Finally, the impeller will be 

delivered to the consumer. The task consists of five subtasks, 

which can be represented by 𝑆𝑇 = {𝑆𝑇1, 𝑆𝑇2, 𝑆𝑇3, 𝑆𝑇4, 𝑆𝑇5 }. 

Each subtask has 10 candidate services corresponding to 10 

separate providers. So there exists 105 candidate MSC solutions. 

The sequential execution process and candidate manufacturing 

services of each subtask are shown in Fig. 5. It is assumed that 

the data needed in the model can be obtained through the 

Industrial Internet platform and the historical record. The code 

is programmed in MATLAB R2014b. All experiments are 

carried out in the computer with 3.3GHZ CPU and 4G RAM 

under Windows10 system. In order to assure close similarity to 

the real situation, the default values for the candidate services 

are randomly generated under the actual constrains. When the 

service is of high quality and short execution time, the price 

inevitably arises. Similarly, a higher trust of a provider is 

always with a high price. The default parameters are shown in 

Table II. 

B. Results and Analysis 

In order to validate the ability and robustness of 

CNSGAII-TS algorithm for solving the long/short-term utility 

based MSC problem, a series of experiment has been designed. 

The aim of optimization is to provide a set of Pareto solutions to 

select from. 

1) The effectiveness of CNSGAII-TS algorithm for the 

long/short-term utility based MSC problem 

Fig. 6 shows an arbitrary run of the algorithms for the 

long/short-term utility based MSC problem. And the solutions 

obtained by CNSGAII-TS is listed in Table III. Experiments 

were performed to investigate the convergence and diversity of 

the proposed CNSGAII-TS algorithm. The non-dominated 

solutions for NSGAII algorithm, cluster based NSGAII 

(CNSGAII) algorithm and CNSGAII-TS algorithm are 

depicted, where the horizontal axis indicates the value of UC 

and the vertical axis indicates the value of UP. 

 
TABLE III 

PARETO SOLUTIONS OBTAINED BY CNGAII-TS 

NUM. UC UP ST1 ST2 ST3 ST4 ST5 

1 0.3938 0.2907 MS1,4 MS2,10 MS3,1 MS4,2 MS5,2 

2 0.3982 0.2896 MS1,4 MS2,10 MS3,1 MS4,2 MS5,1 

3 0.4002 0.2878 MS1,2 MS2,10 MS3,1 MS4,2 MS5,2 

4 0.4014 0.2878 MS1,3 MS2,10 MS3,1 MS4,2 MS5,1 

5 0.4029 0.2876 MS1,1 MS2,10 MS3,1 MS4,2 MS5,2 

6 0.4178 0.2869 MS1,4 MS2,1 MS3,1 MS4,2 MS5,2 

7 0.4224 0.2857 MS1,4 MS2,1 MS3,1 MS4,2 MS5,1 

8 0.4249 0.2837 MS1,2 MS2,1 MS3,1 MS4,2 MS5,2 

9 0.426 0.2836 MS1,3 MS2,1 MS3,1 MS4,2 MS5,1 

10 0.4278 0.2834 MS1,1 MS2,1 MS3,1 MS4,2 MS5,2 

11 0.4295 0.2824 MS1,2 MS2,1 MS3,1 MS4,2 MS5,1 

12 0.4325 0.2821 MS1,1 MS2,1 MS3,1 MS4,2 MS5,1 

13 0.4341 0.2637 MS1,2 MS2,1 MS3,1 MS4,1 MS5,1 

14 0.437 0.2632 MS1,1 MS2,1 MS3,1 MS4,1 MS5,1 

15 0.4375 0.1815 MS1,3 MS2,1 MS3,1 MS4,10 MS5,1 

16 0.4409 0.1783 MS1,2 MS2,1 MS3,1 MS4,10 MS5,1 

17 0.4436 0.1767 MS1,1 MS2,1 MS3,1 MS4,10 MS5,1 

 

 
Fig.6.  The Pareto solutions of NSGAII, CNSGAII and CNSGAII-TS 

algorithm 

TABLE II 

THE DEFAULT PARAMETERS 

Parameter Value 

Initial population 100 

crossover probability 0.7 

mutation probability 0.1 

The maximum iteration number 100 

𝛾𝑐
𝑃, 𝛾𝑡

𝑃 0.001, 0.05 

λ𝑙  0.5 

𝜔𝑐
𝑃：𝜔𝑡

𝑃：𝜔𝑡𝑟
𝑃   

1:1:1 

𝜔𝑐
𝐶：𝜔𝑡

𝐶：𝜔𝑄
𝐶   1:1:1 

The range of 𝑄𝑙 [0.5, 1] 

The range of 𝑡𝑒𝑖 [0, 1] 

The range of 𝑒𝑙 [30, 510] 

The range of 𝑐𝑙 [20, 480] 

The range of 𝜂𝑙 [0.4, 1] 

The range of 𝛼 [0, 1] 
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Fig.5. The sequential execution process of the task 
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TABLE IV 

EVALUATION VALUES OF NSGAII, CNSGAII AND CNSGAII-TS ALGORITHM 

 CNSGAII-TS CNSGAII NSGAII 

SPACING 1.73E-03 1.21E-03 8.10E-03 

GENERATION 

DISTANCE 
0 2.58E-03 1.43E-02 

 

As the objective values of each solution in the Pareto front 

presents, it is easy to recognize that the Pareto solutions 

obtained by NSGAII algorithm and CNSGAII algorithm are 

dominated by CNSGAII-TS algorithm. The values of both UP 

and UC of CNSGAII-TS algorithm are significantly larger than 

that of NSGAII algorithm and CNSGAII algorithm, where both 

the providers and the consumer pursue higher utilities 

(maximize UP and UC). Meanwhile, as the number of Pareto 

solutions are 17, 12 and 7 for CNSGAII-TS algorithm, 

CNSGAII algorithm and NSGAII algorithm, respectively, 

more solutions are obtained than the other two algorithms. 

Diversity Pareto solutions are obtained with higher long-term 

utility of providers and short-term utility of the consumer. To 

evaluate the quality of a Pareto frontier that is obtained by three 

different algorithms, the generation distance and spacing are 

calculated to evaluate the convergence and uniformity [32-35] 

of the solutions. The results are shown as TABLE IV. As the 

generation distance value of CNSGAII-TS is smaller than that 

of CNSGAII and NSGA, it can be seen that the convergence of 

the algorithm is improved after clustering. In addition, although 

CNSGAII performs better than CNSGAII-TS in uniformity, 

more solutions are obtained with good convergence. 

2) Evaluation of the stability of CNSGAII-TS algorithm 

For further assessment and evaluation of the CNSGAII-TS 

algorithm stability, in this section, we have done the 

experiments repeated 10 times with CNSGAII-TS algorithm, 

CNSGAII algorithm and NSGAII algorithm respectively. As 

the Pareto solutions obtained in every experiment are not 

always fixed, the repeated experiments are done to observe the 

occurrence frequency of each solution. 

The frequency of occurrence that each solution appears in 

CNSGAII-TS algorithm, CNSGAII algorithm and NSGAII 

algorithm are separately shown in Fig. 7. It can be found that 

the CNSGAII-TS algorithm is more stable, in which there are 

more solutions that appear 10 times in 10 experiments, and 

some solutions appears only one or two times. In addition, most 

of the frequency of occurrence ranges from 7 to 10 that are 

always close to the Pareto frontier. However, the appearance 

times of solutions in CNSGAII algorithm is no more than 6 

times in 10 experiments, most of which occur 3 and 4 times. 

And most of the solutions occurrences are 2 and 3 times in 

NSGAII algorithm. The Pareto solutions obtained by 

CNSGAII-TS algorithm are more stable and seldom change. 

3) Comparison with other multi-objective algorithms 

A series of multi-objective evolutionary algorithms has been 

widely employed to solve multi-objective optimization 

problems, such as NSGAII algorithm, PESAII (the Pareto 

Envelope-base Selection Algorithm-II) algorithm and MOPSO 

(Multi-objective Particle Swarm Optimization) algorithm, 

which performs better in convergence property, diversity 

solutions, fast calculation, etc. 

In order to verify the effectiveness of the proposed 

CNSGAII-TS algorithm, a comparison of results obtained by 

CNSGAII-TS algorithm, PESAII algorithm and MOPSO 

algorithm with N=100 is conducted in Fig. 8. The solutions of 

CNSGAII-TS algorithm are significantly closer to the Pareto 

front than that of MOPSO algorithm and more solutions are 

obtained with reasonable distribution. In addition, most of the 

solutions of PESAII are coincidence with the solutions of 

CNSGAII-TS algorithm, but the quantity of solutions of 

CNSGAII-TS algorithm is larger and diversified than that of 

PESAII algorithm. The generation distance and spacing are 

calculated as shown in TABLE V. It indicates that 

CNSGAII-TS algorithm outperforms MOPSO algorithm in 

terms of solution diversity and distribution. Although PESAII 

algorithm outperforms CNSGAII-TS in uniformity, more 

solutions are obtained by CNSGAII-TS, which performs better 

in solution diversity. In addition, the average computational 

time of PESAII algorithm and MOPSO algorithm is 20s. And 

the computational time of CNSGAII-TS is 300s~400s. As for 

optimal selection of MSC on Industrial Internet platform, the 

generation of much better results is of priority within allowable 

time. The selection time of MSC is negligible relative to the 

task execution time. Therefore, CNSGAII-TS is not suitable for 

the critical requirement of the executing time.  

 
Fig.8  The Pareto solutions of the considered algorithms 

 
TABLE V 

EVALUATION VALUES OF THE CONSIDERED ALGORITHMS 

 CNSGAII-TS PESAII MOPSO 

SPACING 1.73E-03 1.08E-03 6.49E-04 

GENERATION 

DISTANCE 
0 0 3.35E-03 

 
Fig.7.  The frequency of occurrence in 10 experiments 
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4) The effects of consumer diversity on the MSC solutions  

The obtained results are sensitive to the parameters of 

models, in which 𝜔𝑐
𝐶、𝜔𝑡

𝐶  and 𝜔𝑄
𝐶  represent the consumer's 

preference on cost utility, time utility and quality utility. The 

preferences of different consumers are quite different, while 

they are cost-sensitive, time-sensitive or quality-sensitive. 

Aiming at the fulfilment of different consumers’ satisfactions, 

the effects of consumers’ preferences on the solutions need to 

be evaluated. 

The preferences of different consumers on the three 

objectives are variable which reflects on the proportion of 𝜔k
𝐶, 

and 𝜔𝑐
𝐶 + 𝜔𝑡

𝐶 + 𝜔𝑄
𝐶 = 1. We firstly conduct an experiment that 

𝜔𝑐
𝐶：𝜔𝑡

𝐶：𝜔𝑄
𝐶 = 1: 1: 1 , which has presented in Fig. 6. As 

shown in Fig. 9, the four comparative experiments that 𝜔𝑐
𝐶：

𝜔𝑡
𝐶：𝜔𝑄

𝐶 = 1: 1: 1 , 𝜔𝑐
𝐶：𝜔𝑡

𝐶：𝜔𝑄
𝐶 = 2: 1: 1 , 𝜔𝑐

𝐶：𝜔𝑡
𝐶：𝜔𝑄

𝐶 =

1: 2: 1 and  𝜔𝑐
𝐶：𝜔𝑡

𝐶：𝜔𝑄
𝐶 = 1: 1: 2 are conducted to observe 

the impact of the preferences by different users on MSC 

solutions. It is obvious that the changes of consumers’ 

preferences have little impact on the utility of providers, 

although the utility of consumers shift obviously. Therefore, 

the platform is flexible enough to cope with the diverse 

consumers without damaging the providers’ utilities. 

 
Fig.9.  The solutions under different consumers' preferences 

VII. CONCLUSIONS AND FUTURE WORKS  

MSC has always been the core component in manufacturing 

service sharing on Industrial Internet platform to implement 

business processes, where multiple stakeholders involved. The 

psychological needs of different participants should be 

considered, in which short-term and long-term utility pursuers 

coexist. Bi-objective optimization models for a consumer’s 

short-term utility and providers’ long-term utility are 

established with the utility estimation of upcoming tasks 

bringing. An improved NSGA-II algorithm is developed for 

solving this problem. The main contributions of this paper are 

summarized as follows: 

(1) According to the psychological needs of stakeholders in 

MSC, the situation that the long-term utility of providers, 

short-term utility of a consumer and long-term utility of the 

operator is analyzed to fulfill a consumer’s task on 3D printing 

platform. 

(2) The proposed algorithm for solving the MSC problem is 

innovative. The crowding distance with improved K-means 

mechanism and TS mechanism are combined to enhance the 

NSGA-II algorithm. Experimental results have shown that it 

performs well in solution diversity and stability. 

(3) In terms of the long/short-term requirements of providers 

and consumers, the platform is flexible enough to satisfy 

personalized consumers without damaging the utilities of 

providers. 

Possible future works include: (1) Intensive study on other 

situations that stakeholders pursuing different long/short-term 

utility. As the aspiration of each stakeholder is diverse, the 

long-term utility pursuer and short-term utility pursuer exist 

simultaneous in most cases. In addition, the consumers may 

focus on their long-term utility when the platform is attractive. 

(2) Based on the long/short-term utility, MSC and scheduling 

need to be further investigated under the constraints of time 

sequence and geo-distribution. (3) The management 

mechanism of the platform should be discussed to fulfill 

stakeholders’ needs and motivate more participants to join in 

the manufacturing service sharing on Industrial Internet platform. 
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