IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received February 25, 2021, accepted March 30, 2021, date of publication April 16, 2021, date of current version April 29, 2021.

Digital Object Identifier 10.1109/ACCESS.2021.3073858

A Comparative Study on the Impact of One-Way
and Two-Way Matching Strategies on the
Evolution of Cloud Manufacturing

Ecosystems

YUANFA DONG “123, LEl WANG2, WEI PENG2, RONGHUA MENG2, AND ZHENGIJIA WU?2

"Hubei Key Laboratory of Hydroelectric Machinery Design and Maintenance, China Three Gorges University, Yichang 443002, China
2College of Mechanical and Power Engineering, China Three Gorges University, Yichang 443002, China
3Yichang Key Laboratory of Robot and Intelligent System, China Three Gorges University, Yichang 443002, China

Corresponding author: Wei Peng (wpeng @ctgu.edu.cn)

This work was supported in part by the National Natural Science Foundation of China under Grant 52075292 and 51605255, in part by the
Natural Science Foundation of Hubei province under Grant 2019CFB542, and in part by the Foundation of Hubei Key Laboratory of

Hydroelectric Machinery Design and Maintenance under Grant 2020KJXO05.

ABSTRACT The supply-demand matching (SDM) strategy is an important part of the transaction mechanism
design of cloud manufacturing (CMfg) platforms, which has a significant impact on the evolution trend of
cloud manufacturing ecosystems (CMEs). To help CMfg platform operators choose the appropriate SDM
strategy, first, the evolution process of the CME was qualitatively analyzed, and the evolution process was
divided into three stages: the germination period, the growth period and the stable period. Then, three
types of market agent behavior models, service demanders (SDs), service providers (SPs) and platform
operators (POs), were established, and a multiagent behavior simulation experiment was conducted. Finally,
the evolution of CMEs with one-way and two-way SDM strategies for POs was compared and analyzed
from three aspects: the overall utilization rate of SPs, the diversity of CMEs and the total output of CMEs.
Simulation experiments show that, compared with the CME that adopts the one-way SDM strategy, the CME
that adopts the two-way SDM strategy is approximately 33% faster to reach ecological balance, the overall
utilization rate is approximately 98.7% higher, the diversity is approximately 6% higher, and the total output
is approximately 91% higher. The two-way SDM strategy that comprehensively considers the respective

preferences of SDs and SPs is more conducive to the healthy development of CME:s.

INDEX TERMS Cloud manufacturing, matching strategy, ecosystem, simulation analysis.

I. INTRODUCTION

With the development of the Internet of Things (IoT),
cloud computing, artificial intelligence (AI) and other
advanced information technologies, a new service-oriented
networked manufacturing paradigm known as cloud man-
ufacturing (CMfg) was introduced with the aim of solv-
ing more complex manufacturing problems and carrying out
larger-scale collaborative manufacturing [1]. Drawing inspi-
rations from cloud computing, heterogeneous manufacturing
resources are virtualized and encapsulated as services, and
then integrated into a cloud-based service center. All users
connected to this center can make manufacturing service
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requests to the CMfg service center for various manufacturing
activities such as product design, manufacturing, simulation
and testing. The CMfg service platform will intelligently
match, search, recommend and execute services in the cloud
and transparently provide all kinds of manufacturing services
to users to achieve the goal of providing highly sharable
manufacturing capacity [2].

The key to the industrialization of CMfg is the development
of a reasonable business model by fully considering the pref-
erences and behaviors of market participants, the ability to
attract a large number of market participants to engage in the
platform, and the formation of a sustainable cloud manufac-
turing ecosystem (CME). The CMfg platform serves as the
link between massive demand and manufacturing services.
The supply-demand matching (SDM) strategies of platform
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operators (POs) directly affect the service experience of ser-
vice demanders (SDs) and the business quality of service
providers (SPs), which in turn affect SDs’ and SPs’ willing-
ness to enter the CMfg platform, and ultimately affect the
industrialization of the CMfg. However, most of the existing
studies focus on specific strategies and methods for matching
supply and demand from the micro individual perspective
and rarely focus on the sustainable development of the CME
from the macro system perspective. As a result, to the best
of our knowledge, there are still few CMfg platforms that
achieve large-scale commercial use. Therefore, it is necessary
to analyze the impact of different SDM strategies on the evo-
lution process of CMEs from the perspective of POs, to lay
the foundation for the design of the transaction mechanism
of the CMfg platform, and to provide guidance for the later
operation and maintenance of the CMfg platform.

Existing research mainly focuses on three aspects: SDM
strategies, negotiation strategies and the CME evolution
model. In terms of SDM strategies, Argoneto et al. formu-
lated the problem of capacity sharing for a set of independent
firms as a cooperative game and identified a capacity shar-
ing solution using the Gale—Shapley model. The proposed
allocation rule takes into account the utility functions of the
involved firms, and simulation shows that truth telling is a
dominant strategy under this allocation rule [3]. Zhao and
Li [4] constructed a two-sided matching mechanism with
agents’ expectations for CMfg resources. Zhao and Wang [5]
proposed a two-sided matching model of cloud services based
on the quality of service (QoS). Simulation results showed
that the proposed model could accurately select the most
suitable cloud service for both sides. Bi et al. [6] presented a
resource mapping matching algorithm to map resources from
both granularity and views to improve the accuracy and recall
of supply-demand matching. Li et al. [7] proposed an intelli-
gent search and matching method for CMfg services based on
a formal description of CMfg services. Xue et al. [§]-[9] pro-
posed a computational experiment-based evaluation frame-
work to analyze the evolution of manufacturing service
ecosystems, which can simulate all kinds of actual scenarios
to verify the performance of service matching strategies.
Joseph and Jitesh [10] formulated the resource allocation
problem as a bipartite matching problem and analyzed four
bipartite matching mechanisms, namely, deferred acceptance
(DA), top trading cycle (TTC), Munkres, and FCFS, with
respect to the desired properties of the mechanisms, such
as individual rationality, stability, strategy proofness, consis-
tency, monotonicity and Pareto efficiency. Additionally, the
appropriateness of matching mechanisms for different sce-
narios in cloud-based design and manufacturing, such as fully
decentralized, partially decentralized and totally monopolis-
tic, is assessed. Zheng et al. [11] proposed a hybrid energy-
aware resource allocation approach to help requestors acquire
energy-efficient and satisfied manufacturing services. Liu
and Wang [12] considered the overall benefit of both the
cloud service provider and the cloud service demander as
the optimization target and proposed a novel market-based
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continuous bidding mechanism by applying game theory.
Li et al. [13] proposed a novel RIM (recommendation incen-
tive mechanism) approach by building a cooperative agent
recommendation system. In terms of negotiation strategies,
Renna et al. proposed a game theory coordination mech-
anism for a network of independent plants, and the simu-
lation results show that the proposed mechanism could be
considered a valid alternative to the more usual negotiation
approaches in several market conditions [14]. Zheng et al.
proposed an approach that mixed concession and tradeoff
strategies for cloud service negotiation [15]. Baarslag et al.
introduced a taxonomy of currently existing opponent mod-
els in the bilateral negotiation setting based on their under-
lying learning techniques [16]. Rajavel er al. proposed a
novel adaptive probabilistic behavioral learning system for
managing opponents with unpredictable random behaviors,
which contains a behavioral inference engine to analyze the
sequence of negotiation offers received by the broker to
effectively learn the opponent’s behavior over several stages
of the negotiation process [17]. Considering that the existing
strategies cannot react to the stochastic, rational, emotional,
and unknown behavior of opponents due to their deterministic
behavior, they also proposed a stochastic behavioral learning
negotiation (SBLN) strategy to further maximize the unity
value and success rate [18]. In terms of the evolution model of
CME, Geng et al. [19] proposed a three-stage basic evolution
process of the CMfg platform and established a CMfg plat-
form evolution model by virtue of complex network theory
with five diffusion forces identified. Peng et al. [20] pro-
posed an evolutionary model of the cooperative and compet-
itive relationships of individuals to analyze the participants’
cooperative and competitive relationships in CMEs and their
impact on individual development and the stability and bal-
ance of the system. Zhang et al. [21] proposed a model of the
ecological evolution of manufacturing service systems (MSS)
driven by service providers (SPs) and adopted a predation
cellular genetic algorithm to optimize this evolution. He et al.
[22] established an evolutionary game model of knowledge
transfer between CMfg enterprises and customers by using
evolutionary game theory and proposed countermeasures and
suggestions to promote knowledge transfer between CMfg
enterprises and customers. Wang et al. simulated the CMfg
diffusion process by considering the commission rate, gov-
ernment subsides, user membership fee of the cloud platform
and user acceptance intention. The results show that subsidies
for enterprise users are better than those for CMfg service
providers in promoting the diffusion of the CMfg mode [23].

There are many existing studies on the behavioral strate-
gies of various market agents, but there are still few studies
on the impact of different SDM strategies on the evolution
of CME:s from the perspective of POs. Therefore, this paper
establishes three kinds of market agent behavior models, SDs,
SPs, and POs, and designs a multiagent behavior simulation
experiment. Considering the perspectives of POs, the evolu-
tion of CMEs with one-way and two-way SDM strategies
was compared and analyzed from three aspects: the overall
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utilization rate of SPs, the diversity of CMEs and the total
output of CMEs.

Il. ANALYSIS OF THE EVOLUTION OF CMEs

The cloud manufacturing platform is not only an e-commerce
service platform for the manufacturing industry but also a
“living” organization. Individuals participating in the orga-
nization can survive and develop in the system through inter-
action, influence, choice and adaptation. CMEs consist of
three types of market agents: SPs, SDs and POs. POs are the
managers of CMEs. By building the CMfg service platform
and formulating platform access conditions and transaction
rules, CMEs can attract high-quality manufacturing resources
to gather and provide manufacturing services via the CMfg
service platform. The accumulation of a large number of
high-quality SPs will attract SDs to use the services pro-
vided by the CMfg service platform. The increase in service
demand in turn will attract more manufacturing resources to
the CMfg service platform, thus forming a virtuous circle.
In addition, POs promote the sustainable development of
CME:s by establishing a reasonable QoS evaluation mecha-
nism. The development of CMEs occurs in multiple stages,
mainly including the germination period, growth period and
stable period.

A. GERMINATION PERIOD

The germination period of CME:s is the early stage of the
CMfg service platform. In this stage, the PO and some core
SPs reach a strategic cooperation agreement. The core SPs
encapsulate related manufacturing resources as a manufac-
turing service based on digital twin technology, make their
services available to users via the CMfg service platform,
and transfer part of their offline business to the platform,
creating a demonstration effect and accumulating experience
for future large-scale operations. This stage mainly focuses
on verifying the effectiveness of the technical aspects and
exploring various strategies. During this stage, the scale of
CME:s will not change significantly, and the number of par-
ticipants will slowly increase.

B. GROWTH PERIOD

The growth period of CMEs refers to the stage in which the
number of main participants in the system rapidly increases.
In this stage, the platform technology and transaction mode
gradually mature. The PO carries out intensive market promo-
tion activities based on the early success of the application.
It continuously improves the platform service quality and
introduces incentive policies and other related measures to
attract more SPs and SDs to the platform, thereby forming
a scale effect. During this stage, the number of participants
in the system increases exponentially, and quality varies.
Some SPs and SDs may quit the platform because their actual
experience does not conform to their expectations, but these
exits will not affect the overall upward trend. Whether the
CME can develop mainly depends on the operation strategy
used by the PO in this stage.
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C. STABLE PERIOD

The stable period of CMEs refers to the later stage of platform
operation when the number and structure of participants tend
to be stable. At this stage, the trading mode and rules were
widely accepted. The number of SPs is close to the upper
limit of the ecosystem’s capacity. Fierce competition will
cause some SPs to temporarily or permanently withdraw
from the platform. New SPs will enter the platform because
they are attracted by stable demand and potential business
opportunities. The number of participants in the system is in a
state of dynamic equilibrium. In addition, the PO will further
adjust the reward and punishment measures, establish the
QoS evaluation system, and continuously optimize the group
quality and the proportion of various types of participants in
the system. As a negative entropy input, the operation and
regulation strategy used by the PO is the main driving force
to offset the disorder of the ecosystem and maintain the stable
and healthy development of the ecosystem.

IIl. MODELING THE BEHAVIOR OF MARKET AGENTS

The transaction mechanism of the CME affects the transac-
tion behavior of various market agents, and the behavior pro-
cesses of a large number of market agents constitute the basis
of the evolution of CMEs. At present, there are three common
transaction modes: (1) Matchmaking. PO focuses on demand
push, service push and matchmaking. The specific transac-
tion is reached by the supply and demand parties according
to negotiation. PO is responsible for dynamically updating
the SD reliability and SP QoS based on the evaluation data.
This type of transaction mode is similar to the free market
and is suitable for manufacturing services with a relatively
high degree of personalization. (2) Bidding. PO converts the
demand information released by SD into bidding information
and releases it to the SPs in the platform. The SPs determine
whether to bid according to their own situation, and the SD
determines the final winning SP according to the bidding sit-
uation. In this mode, market agents communicate frequently
and require many resources. (3) Assignment. PO uniformly
allocates service requirements and manufacturing services
according to preset matching and scheduling rules. SD only
needs to submit service requirements on the platform, and
does not care about completing the service. SP can choose
to accept or reject PO’s task assignment. With the continuous
development of technologies such as the Internet of Things,
big data and digital twins, the assigned transaction mode is
gradually becoming the main development direction of CMfg
because it can give full play to the advantages of CMfg, such
as high availability, flexibility and global optimization. This
paper is mainly oriented towards the assigned transaction
mode.

Figure 1 shows a schematic diagram of the main behavior
process of the three types of market agents in the assigned
transaction mode. The SD enters the platform to release
service requirements. The PO selects suitable SPs according
to preset matching rules and assigns tasks to candidate SPs.
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FIGURE 1. Schematic diagram of the main behavior process of the three types of market agents under the assignment mode.

Candidate SP can choose to accept or reject the assigned
tasks according to its own circumstances. During the service
process, PO performs dynamic scheduling according to the
demand changes and service process information fed back
by SDs and SPs, and carries out shielding and task migration
of faulty nodes, and dynamic QoS updates. After the service
ends, the SD and SP evaluate each other, and the PO updates
the SD’s reliability and SP’s QoS based on the mutual evalu-
ation data.

It can be seen from the figure that the degree of automation
of the service process in the assigned transaction mode is
relatively high. This paper refers to the analysis results in ref-
erence [24] and expert interviews, focusing on the behaviors
that have a greater impact on the evolution of the CME, such
as the entry and exit of SD, the entry and exit of SP, the SDM
of PO and the QoS and reliability update mechanism. This
section describes the development of behavior models for
SPs, SDs and POs and lays a foundation for the multiagent
behavior simulation experiment. PO behavior involves the
use of either a one-way or two-way SDM strategy, which is
the focus of the comparative analysis in this paper.

A. SP BEHAVIOR MODELING
The SP agent is defined as follows:

SP=(SP_Information, P_Information, SP_Strategy) (1)

where SP_Information represents the basic information of
the SPs. P_Information represents the basic information of
services provided by the SPs. SP_Strategy represents the
strategy set of the SPs, including entering the platform, pub-
lishing their service, evaluating the services that have been
provided and exiting the platform.
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The SP_Information is defined as follows:

SP_Information = {SP_ID, SP_Name, SP_Address,
x SP_Rejection_rate,SP_QoS} (2)
SP_QoS = {RP,Tl,RL} 3)

where SP_ID, SP_Name and SP_Address represent the
identity, name and address of the SP, respectively.
SP_Rejection_rate represents the rejection rate of SP.
SP_QoS represents the QoS indicator set of the SPs. RP
represents the reputation of the SPs, mainly considered in
terms of timeliness and product quality. 7/ represents the tech-
nical level of the SPs, considering three main aspects: R&D
capabilities, core technology level and personnel quality. RL
represents the reliability of the SPs and mainly considers the
difficulty of repairing and improving the service provided by
the SPs under abnormal conditions.
The P_Information is defined as follows:

P_Information = {P_Name, P_Type, P_Capability,
X P_Price, P_ExpCredit} (@)
P_Capability = {ResClu, CapModel, CapLoad} (5)

where P_Name represents the name of the service, P_Type
indicates the type of service, and P_Capability represents
service capability. P_Price represents the price of the man-
ufacturing service. P_Expcredit represents the SP’s expecta-
tion of the reliability characteristic attribute of its potential
client SDs. ResClu represents the collection of resources
encapsulated by CMfg services, such as personnel, machin-
ery, equipment and materials. CapModel represents the capa-
bility description model, including the coupling mode of
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manufacturing resources [25] and the method used to deter-
mine capability. CapLoad represents the current load of the
service.

There are three factors affecting SP access to the platform:
@ the activeness of transactions in the system, where, gener-
ally speaking, the more active the transaction is, the greater
the willingness of new SPs to enter the platform; @ the
sensitivity of SPs to the activity level of transactions in the
system; and ® the number of SPs of the same type in the sys-
tem. In the early evolution stage of CME, there is a small
number of SPs, which has little influence on the number of
SPs entering the platform. However, when the group size
of similar SPs is close to the upper limit of the capacity of
the CME, fierce competition within the group will greatly
reduce the willingness of new SPs to enter the platform. The
willingness of a new SP to enter the platform is characterized
by probability as follows.

1 1
PSP;n(t) = 1+ pa—l (1 - 1+ e—K(NSP(f)—Q)) ©)
_2C
9 = Nl € [0, +o00] @)

where 0 indicates the activity level of transactions in the
system, Y . C(¢) is the total number of transactions in progress
by SP of the same type at time t, Nsp(?) is the total number
of SP of the same kind at time t. The coefficient p represents
the sensitivity of SP to the activity level of transactions in the
system, Q refers to the upper limit of certain SPs that CMEs
can carry, and K is the adjustment coefficient.

Factors causing SPs to exit the platform include @ the
business condition of the SP, which can be either good or bad.
When an SP enters the system, it is less affected by its own
business conditions, and its exit intention within protection
period Ty is subject to the current market normal turnover rate
6. When protection period Ty has lapsed, the exit intention
of an SP is mainly affected by its own business conditions.
When the same kind of SP enters the system in the same
period, the smaller the number of transactions is, the greater
the exit intention of the SP. @ the sensitivity of the SP to its
own business situation. The following piecewise probability
function is used to characterize the willingness of a new SP
to quit the platform.

e 1> To
Psp,,, (1) = {0 0<i<Ty (3)
where y € [0, 1] represents the ratio of the cumulative trans-
actions of an SP at time ¢ to the transactions of the SP with
the best performance among the SP group that entered the
platform during the same period. The coefficient § represents
the sensitivity of SP to its own business conditions.

B. SD BEHAVIOR MODELING
The SD agent is defined as follows:

SD=(SD_Information, D_Information, SD_Strategy) (9)
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where SD_Information represents the basic information of

the SDs. D_Information represents the basic demand infor-

mation for SDs. SD_Strategy represents the strategy set of

the SDs, including publishing demand and evaluating QoS.
The SD_Information is defined as follows:

SD_Information = {SD_ID, SD_Name, SD_Address,

x SD_Credit} (10)
SD_Credit = {DPayment_Speed, DReputation}
(11)

where SD_ID, SD_Name and SD_Address represent the iden-
tity, name and address of the SD, respectively. SD_Credit
represents the credit characteristic attribute of the SDs. DPay-
ment_Speed represents the payment speed of the SDs: the
time required to pay 95% of the total payment after the service
agreement is reached (the other 5% is usually the quality
assurance deposit). DReputation represents the reputation
of the SDs, considering two aspects: the rate of breach of
contract and the difficulty of communication.
The D_Information is defined as follows:

D_Information = {D_Name, D_Type, D_ExpCap,
x D_ExpPrice, D_ExpQoS} (12)

where D_Name represents the name of the demand, D_Type
represents the type of demand, D_FExpcap represents the spe-
cific capacity demand for a service, D_ExpPrice represents
the expected rate of demand, and D_ExpQoS represents the
SD’s expectation regarding the SP’s service quality.

Factors influencing SD’s publishing demand in CMfg plat-
forms include @ the SP population size that can provide the
required services in the system. In general, the more SPs that
can provide high-quality service in the system, the greater the
willingness of new SDs to release demand in the platform.
@ TIts sensitivity to the number of SPs that can provide the
required services in the system. The willingness of a new
SD to release demand in the platform is characterized by
probability as follows.

1

Psp,, (1) = 15 ko—03

(13)
where o represents the scale factor of high-quality services
that meets the needs of SDs, and it is measured as the ratio of
the number of SPs whose matching degree with the new SD’s
demand [5] is greater than the given threshold value £ to the
number of SPs that can meet SD demand. The coefficient k
represents the sensitivity of SDs to the number of SPs in the
system that can provide the required services.

C. PO BEHAVIOR MODELING

The PO is mainly responsible for matching the appropriate SP
for the service demand of an SD, and dynamically updating
their QoS and credit attributes based on historical evaluation
records.
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FIGURE 2. Model for the one-way matching strategy used by CME based on QoS.

1) DYNAMIC UPDATE OF QOS AND CREDIT ATTRIBUTES

The updated values of SP_QoS and SD_Credit are mainly
based on the evaluation data of historical transactions and are
dynamically obtained using the fuzzy comprehensive evalua-
tion method [26]. Taking SP_QoS as an example, SD adopts
a five-level system to evaluate the reputation (RP), technical
level (T1) and reliability (RL) of SPs that have provided
services for it. The evaluation grade set is V = {very high —
5 points, high — 4 points, medium — 3 points, low — 2 points,
very low — 1 point}. For reputation RP, the evaluation result
of the reputation of SP; in the historical evaluation record is:

Ril :(_9_7_7_7_) (14)

where Ny represents the total number of evaluations obtained
by SP ;, n represents that the number of SP; credibility
ratings in the evaluation record is very high, and ny, n3, ng
and ns correspond to the number of SP; credibility ratings in
the evaluation record that are high, medium, low, and very
low, respectively. Similarly, the evaluation result of SP;’s
technology level R;, and reliability R;; can be obtained. Thus,
the fuzzy evaluation matrix R; of SP; can be obtained.

Ri1

Ri=| R (15)

Ri3
Considering the weight of each QoS index, the fuzzy compre-
hensive evaluation vector F; of SP; is calculated as follows.

FiZA'RiZ(ﬁl,ﬁz,"',ﬁS) (16)

where A represents the weight vector of QoS indicators,
which can be determined comprehensively by the analytic
hierarchy process (AHP) and entropy weight method (EWM).
The calculation method of SP;’s integrated service quality
SP;_QoS is as follows:

5

=) (6-K)-fa (17)

k=1

|SP;_QoS|
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2) SDM STRATEGY
At present, the SDM strategies used by POs are mainly
divided into one-way and two-way strategies. The one-way
SDM strategy only considers the demand preference of SD to
match the most suitable SP for SD, while the two-way SDM
strategy considers both SD’s demand preference for SP and
SP’s service preference for SD and matches the SP that is
suitable for both sides for SD.

> One-way SDM strategy

The one-way SDM process is shown in Figure 2. For
demand Dj, the PO first selects candidate SPs that meet
the service capability demands from the existing SP set and
then selects the SP with the highest cost performance ratio
(gc) from candidate SPs to match D;. The gc of SP; can be
calculated by the following formula:

qci = 9 R; (18)
i
1

where Q; represents the normalized QoS of SP;, p; represents
the normalized rate of SP;, R; represents the influence factor
of SP;’s rejection rate on the matching degree, r; represents
the rejection rate of SP;, and A represents the steepness factor.

> Two-way SDM strategy

The two-way SDM process is shown in Figure 3. For
demand Dj, the PO first selects candidate SPs that meet the
service capability demands from the existing SP set. Then,
the cosine similarity calculation method is used to calculate
the two-way matching degree Sim;; between the demand D;
and the candidate service SP;. Finally, the SP with the highest
bidirectional matching degree is selected to match D;.

PD

Simj; =
FI-151 "

(20)

where P represents the vector formed by normahzatlon of
P_ExpCredit, SP_QoS and P_Price of SP;. D represents the
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recall and accuracy of the matching method used in this

paper are verified in [27].

N
D1 & Candidate SPs collection ’ - Mutual i QoS&Credit |\
QoS&Price&Credit-Matching results evaluation update \

-
D1 & SPs collection N
<é@él Capability-Matching

—_— e o — -

SDs——Service demanders
Dj——Requirements issued by service demander
SD_Credit——Reliability of service demand

Dj_ExpQoS——SD’s expectation regarding the SP’s service quality

D1 ExpPrice——SD's expectation of service rate

FIGURE 3. Two-way matching model of CME based on QoS.

vector formed by normalization of SD_Credit, D_ExpQoS
and D_ExpPrice of D;. R; represents the influencing factor
of SP;’s rejection rate on the matching degree, which is the
same as formula (19). The recall and accuracy of the matching
method used in this paper are verified in [27].

IV. EVALUATION INDEX USED IN THE CME

Cooperation among the agents in the CME is a dynamic game
process that will be affected by the agents’ own utility and
different matching strategies. Under different SDM strate-
gies, the development status of the agents in the CME and
the whole ecosystem will be different. As the leader of the
CMfg platform, PO mainly focuses on the development of
the CME at the macro level. Resources utilization, ecosystem
development and services transaction are the main aspects of
concern. Its main responsibility is to ensure the rapid growth
and sustainable development of CME through reasonable
transaction mechanism design and effective operation and
maintenance strategies to obtain considerable profits. There-
fore, evaluating the effectiveness of the SDM strategy lies in
whether it can promote the healthy development of the CME.
In natural ecosystems, the evaluation indicators of ecosystem
health include vitality, resilience, organizational structure and
other aspects. Among them, ecosystem vitality refers to all
the energy and individual activities in the ecosystem, which
can be quantified by the input materials in the system or
by using the method of network analysis. Organizational
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SPs——sService providers

P1_ExpCredit——Service provider's expectation of SD credit
SPi_QoS——Service quality of service provider
P1_Price—Service rate of service provider

structure refers to the complexity of the interaction between
the ecosystem structure and individuals (cooperation and
competition, etc.), and the relevant indicators for measuring
the structure include diversity index. Resilience refers to the
ability of the system to recover gradually after the external
interference. This paper does not involve the interference of
the physical environment on the system, so it does not con-
sider the relevant indicators to evaluate the resilience of the
system. In the CME, the interaction between market entities
is very similar to the relationship between species in nature.
Drawing lessons from the health evaluation methods of natu-
ral ecosystems, this paper evaluates the evolution process of
CME from three aspects: the overall utilization rate of SPs,
which describes the resource utilizing status, the diversity
of CME, which describes the development of CME, and the
total output of CME, which depicts the transaction status
of CMEs.

A. THE OVERALL UTILIZATION RATE OF SP

The overall business situation of SPs can reflect the develop-
ment of the system to a certain extent in the CME. The overall
utilization rate of SPs is used to analyze the business situation
of SPs in CMEs. The specific formula is as follows:

success t
Rp = pptTl(t()) 21)
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where p*“¢5S(t) represents the total number of SPs that have
been successfully traded at time ¢ and p'@(r) is the total
number of SPs in the CME at time ¢.

B. THE DIVERSITY OF CMEs

CMfg platforms have significant ecological characteristics
[28]. Ecosystem diversity is an important theory to study the
degree of natural ecological diversity. This paper introduces
the theory of ecosystem species diversity and defines the
diversity of a CME as follows:

Definition 1: The diversity of a CME refers to the degree of
diversity in the attributes of the SPs (QoS, service category,
etc.) participating in transaction activities.

The species diversity of ecosystems is usually measured
by the species richness index, dominance index and infor-
mation index (Shannon-Wiener index). The Shannon-Wiener
index is randomly sampled in an infinite community and the
sample contains all species in the community. The greater the
diversity of the ecosystem, the greater the index value. Taking
QoS as an example for analysis. Based on the Shannon-
Wiener index formula, the diversity of a CME is defined
as follows.

Bu==3"  w)npm) 22

where B,, represents the diversity of QoS, p,,, represents the
proportion of the number of SPs with QoS in the n-th class
to the total number of SPs, and N is the number of QoS
class categories. For SPs, the more QoS levels are distributed,
the more uniform the number of levels, and the greater the
diversity of CMEs. Similarly, the more diverse the CME,
the more service levels the ecosystem can provide, and thus
the CME can better adapt to the needs of different types
of SD.

C. TOTAL OUTPUT OF CMEs

Drawing lessons from Ulanowicz’s method [29] of calculat-
ing the total output of the ecosystem, the CME is regarded
as a material exchange network. Suppose the material and
energy exchange matrix between m SPs and n SDs is as
follows:

t(SP1, SD)t(SP1, SDy) - - - t(SPy, SDy,)
t(SPy, SD1)t(SP;, SD3) - - - t(SP3, SDy,)

(23)
t(SPy, SD1)t(SPy, SD3) - - - t(SPy, SD,)

To simplify the calculation, the elements in the material
exchange matrix between service provider SP; and demander
SD; are replaced by the cumulative number of transactions
between them, where ¢(SP;, SD;) represents the accumulative
number of transactions between service provider SP; and
demander SD;, and #(SP;, SD;)=0 indicates that there is no
transaction between service provider SP; and demander SD;.
The total output of a CME is the sum of the elements in the
material and energy exchange matrix 7" between m SPs and n
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SDs, and the formula is as follows:

TST =Y ) " t(SP;, SD)) (24)

i=1 j=1

V. SIMULATION RESULTS AND ANALYSIS

This paper establishes a joint simulation platform based on
NetLogo 6.0.4 and MATLAB R2016b. NetLogo is respon-
sible for providing a multiagent simulation operating envi-
ronment for the interaction between SDs, SPs and PO, and
MATLAB is responsible for calculating the matching degree
of supply and demand. The two exchange data through
NetLogo-MATLAB Extension.

A. SIMULATION PARAMETERS SETTING

To improve the efficiency of the simulation process without
losing generality, this paper makes the following assumptions
about the evolution of CME: (1) there is only one PO in the
CMfg platform, which adopts the assigned transaction mode.
(2) The agents in the experiment only belong to a certain
type of SD, SP and PO, and will not be both SD and SP.
Each SP only provides a certain type of service. The relevant
simulation parameters of the matching model described in
Sections IIT and IV are shown in Table 1.

B. EXPERIMENTAL RESULTS AND ANALYSIS

Figure 4 shows that when the PO adopts one-way and two-
way SDM strategies, the development trends of SD demand

TABLE 1. The main parameter settings of the CMS evolution model under
one-way and two-way SDM strategies.

L s Range of
Symbol Description Initialization values
P Sen51t1\{1ty of an SP to 015 ©, 1)
trading activity
Sensitivity of an SP to its
o . I 2.5 —
own business situation
Sensitivity of an SD to the
number of SPs in the
k system that can provide the 0.05 0.1
required services
14 Matching threshold 0.6 0, 1]
K Adjustment coefficient 0.1 —
0 Upper limit of SPs in the 600 (0, +<°)
system
N Number of QoS classes 5 —
Normal replacement rate
6 during the protection 0.1 —
period
A Steepness factor 10 —
r, Rejection rate of SP; Rand[0, 0.3] [0, 1.0]
Integrated service quality
SP_QoS of SPi Rand(0, 5.0] [0, 5.0]
SD,_Credit Reliability of SD; Rand(0, 5.0] [0, 5.0]
P_Price Price of SP; Rand(0, 0.1] (0, 1.0]
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FIGURE 4. The overall evolution of the CME under the one-way and
two-way SDM strategies.

one-way

SPs overall utilization

Time

FIGURE 5. The overall utilization rate of SPs under the two strategies.

and the number of SPs in the CME are significantly different.
When the two-way SDM strategy is adopted, the time for the
CME to reach ecological equilibrium is approximately 33%
faster than when the one-way SDM strategy is adopted, which
can improve the evolution efficiency of the CME and save
marketing costs.

1) THE OVERALL UTILIZATION RATE OF SP

As shown in Figure 5, when the one-way SDM strategy
is adopted, the PO always matches the SPs with the best
service quality to the SDs, while the SPs with relatively
poor service quality are rarely matched with SDs, unless
the service capacity of similar SPs with high service quality
has reached the upper limit, resulting in a lower overall
utilization rate of the SPs. The overall utilization rate of SPs
is roughly distributed between 0.2 and 0.4. When adopting
the two-way SDM strategy, the PO comprehensively consid-
ers the attributes and demand preferences of both the SPs
and SDs, and the service that is the best match for both
parties does not necessarily have the best service quality.
Therefore, the different levels and scope of the SP might
find a match with an SD, ensuring that the interests of both
the SD and SP, and the overall utilization rate of SPs are
roughly distributed between 0.5 and 0.8. The results show
that the overall utilization rate of the two-way SDM strategy
is approximately 98.7% higher than that of the one-way
strategy.
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FIGURE 6. Distribution of the QoS level under one-way and two-way SDM
strategies.
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2) THE DIVERSITY OF CME

The distribution of the QoS levels of SPs in the late evolution
period of CMEs under different SDM strategies is shown
in Figure 6. When the PO adopts the one-way SDM strategy,
SPs with high service quality will frequently be selected,
while SPs with lower service quality will be less likely to
be selected, or even not selected at all. The distribution of
the QoS levels of SPs increases from the lowest level to the
highest level and is unevenly distributed. The diversity of
CME B; = 1.5176. When PO adopts the two-way SDM
strategy, all SPs may be candidates to respond to SD demand
due to the difference in demand categories and preferences.
The distribution of the QoS levels of SPs is relatively uniform
in the late evolution stages of CME and the diversity of
CME B; = 1.6079. The results show that the two-way SDM
strategy is approximately 6% higher than the one-way SDM
strategy, which can effectively improve the diversity of CME.

3) THE TOTAL OUTPUT OF CME
As shown in Figure 7, when POs adopt the one-way
SDM strategy, the number of transactions slowly increases,
the overall utilization rate of SPs is low, the manufactur-
ing resources are idle, and the SPs that have not reached a
transaction for a long time will choose to quit the system
temporarily or permanently. At the same time, the decrease
in SPs will reduce the willingness of SDs to release demand
in the platform, which makes the total output of CME increase
slowly, and the total number of transactions in the evolution
process is 618. When POs adopt the two-way SDM strategy,
the number of transactions increases rapidly, the overall uti-
lization rate of SPs is high, and new SPs are very willing to
enter the platform. This increase in SPs attracts more SDs to
seek services on the platform, the total output of CME will
increase, and the total number of transactions in the same
time evolution process is 1181. The results show that the total
output of the two-way SDM strategy is approximately 91%
more than that of the one-way SDM strategy. In addition, the
growth rate of transactions with the two-way SDM strategy is
significantly greater than that of the one-way SDM strategy,
and the two-way SDM strategy is more conducive to the
healthy development of CME.

In summary, 50 simulation experiments were carried out
on the two groups of matching strategies.
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FIGURE 7. Total output of CMEs under one-way and two-way SDM
strategies.

To verify whether the two-way SDM strategy is better than
the one-way SDM strategy, the independent sample t-test was
used to compare the differences of evolution index values
between CME adopting one-way SDM strategy and CME
using two-way SDM strategy. All statistical procedures were
performed in Excel Version 2016, the level of significance
was set at 0.05. The statistical analysis results are shown in
Table 2.

TABLE 2. Evolution index comparison table.

Mean + SD
Index p-value
One-way SDM Two-way SDM
strategy strategy
The time for the CME
to reach ecological 209.11 £13.38 316.11 £12.94 0.000
equilibrium
The overall utilization -~ 3, , 5 0.64£0.02 0011
rate of SPs
The diversity of CME 1.50 +0.02 1.61 £0.01 0.003
The total output of
CME 612.11 £10.95 1203.78 £15.94 0.000

Significant differences were observed between one-way
SDM strategy and two-way SDM strategy. The mean values
of CME using two-way SDM is significantly higher than
CME adopting one-way SDM strategy, which means that
two-way SDM strategy is more conducive to the healthy
development of CMEs.

VI. DISCUSSION

This paper analyzes the impact of one-way and two-way
SDM strategies on the evolution trend of CMEs through
multiagent simulation. However, it is difficult to collect
data from a real CMfg platform to verify the findings
of this paper as the industrialized CMfg platform that
adopts an assigned transaction mode is still under explo-
ration at this stage. In the following, we will elaborate the
basis of simulation parameter setting and present selected
scenarios where the findings can be most impactful and
value-adding.
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A. BASIS OF SIMULATION PARAMETERS SETTING

Part of the simulation parameters of the matching model
described in Table 1 are derived from real scenes. We inves-
tigated the ZBJ Network (www.zbj.com), which is a famous
cloud service trading platform in China. A total of 252 typ-
ical participants in the ZBJ Network were chosen, and their
online behavioral data were collected. Three linear regression
equations were built on the basis of real data, and the values
of p, § and k were derived from regression coefficients.

The matching threshold &, the upper limit of SPs in
the system Q, the number of QoS classes N, the adjust-
ment coefficient K and the normal replacement rate during
the protection period 8 were set according to a designed
scheme.

B. APPLYING IN CME REGULATION

SDM strategies proposed by current studies focus on satis-
fying SDs’ demands, which is the core of a one-way SDM
strategy. According to our findings, adopting a two-way SDM
strategy can achieve better results in many ways. By con-
sidering SPs’ service preference for SDs, higher satisfaction
will be obtained in SPs, which in turn will motivate them
to improve the QoS, thus forming a virtuous circle in CME.
To the best of our knowledge, some similar cloud service plat-
forms with matchmaking or bidding transaction modes, such
as MFG (https://www.mfg.com/), ZBJ Network and HOPE
(hope.haier.com), have adopted the two-way SDM strategy
and achieved great success.

C. APPLYING IN OTHER CLOUD SERVICE PLATFORMS

In China, terrific amounts of online car-hailing [30] and
takeaway [31] services rely on POs’ scheduling. The key
in service scheduling is the matching strategy. Applying the
two-way SDM strategy in online car-hailing and takeaway
platforms will improve the scheduling quality of service, and
in the end the overall cloud service platforms’ outcomes
(e.g., diversity, resource utilization) can be improved. For
instance, the drivers’ preference for place is considered in
DiDi-Chuxing’s matching strategy [30], and the usage of
drivers and cars is dramatically improved. Predictably, many
other cloud service platforms will benefit from the two-way
SDM strategy if both demanders’ and suppliers’ preferences
are considered.

VII. CONCLUSION

Aiming at the selection of SDM strategies in CMfg plat-
forms, this paper establishes behavior models of three types
of market entities, SP, SD, and PO, and designs multiagent
behavior simulation experiments. By introducing evaluation
indexes such as the overall utilization rate of SPs, the diver-
sity of CMEs and the total output of CMEs, the influence
of one-way and two-way SDM strategies on the evolution
trend of CMEs was analyzed from the perspectives of POs.
The simulation results show that the two-way SDM strat-
egy considering the preferences of SDs and SPs is more
conducive to the sustainable development of CMEs. This
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paper appropriately abstracts and simplifies the measurement
of SP service capabilities, but without loss of generality.
In the future, quantitative evaluations and the measurement
of the dynamic availability of SPs can be carried out based
on the proposed multiagent simulation framework, and a
multiagent cooperative game mechanism can be added to
improve the accuracy of the simulation model and its ability
to reflect reality. This study lays the foundation for the design
and dynamic regulation of the transaction rules employed by
CMEs.
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