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Abstract
To address the challenges of manufacturing resource sharing and collaborative
cooperation in complex manufacturing industries, an evolutionary game model
for manufacturing resource sharing in cloud manufacturing environments is con-
structed. The model reveals the evolutionary interaction relationship in man-
ufacturing resource sharing between resource service providing enterprises and
resource service demanding enterprises. Based on system dynamics software, an
SD model is established to conduct comparative analysis of the impact of dif-
ferent parameter variations on evolution outcomes. Research demonstrates that
initial sharing proportion, platform management capability coefficient, resource
transformation capability coefficient, resource synergy capability coefficient, in-
formatization benefit coefficient, technology loss risk coefficient, channel cost
coefficient, penalty cost coefficient, trust level coefficient, and incentive coeffi-
cient all exert significant influence on the strategy evolution outcomes of both
game-playing enterprises. To promote enterprise information interoperability
and resource sharing in cloud platforms, management improvements must be
implemented in the aforementioned aspects.
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Abstract: To address the challenges of manufacturing resource sharing and
collaborative cooperation in complex manufacturing industries, this paper con-
structs an evolutionary game model for manufacturing resource sharing in a
cloud manufacturing environment. The model reveals the evolutionary relation-
ship between resource service provider enterprises and resource service demander
enterprises in manufacturing resource sharing. Based on a System Dynamics
(SD) model built using system dynamics software, the paper comparatively an-
alyzes the influence of different parameter variations on evolutionary outcomes.
Research shows that the initial sharing ratio, platform management capability
coefficient, resource transformation capability coefficient, resource collaboration
capability coefficient, information efficiency coefficient, technical loss risk coef-
ficient, channel cost coefficient, penalty cost coefficient, trust coefficient, and
incentive coefficient all exert significant influence on the strategic evolutionary
outcomes of both game parties. To promote information exchange and resource
sharing among enterprises in the cloud platform, improvements must be made
in these aforementioned aspects.

Keywords: cloud manufacturing; manufacturing resource sharing; evolution-
ary game; system dynamics

0 Introduction
Driven by the application of high-tech in the 21st century, the pace of manufac-
turing industry development has gradually accelerated, moving steadily toward
globalization, specialization, and servitization. To cope with the challenges
of the knowledge economy and manufacturing globalization, and to rapidly re-
spond to market demands and enhance market competitiveness, networked man-
ufacturing models such as agile manufacturing, Manufacturing Grid (MGrid),
and Application Service Provider (ASP) have emerged. Despite more than a
decade of development, the manufacturing grid model has achieved certain re-
sults in different fields, yet bottlenecks remain in service models, manufacturing
resource sharing and allocation technologies, and security issues. Therefore, Li
Bohu et al. [1] pioneered a service-oriented networked manufacturing model—
cloud manufacturing. This model should not only embody the concept of“con-
centrated use of distributed resources”but also effectively realize the concept
of “distributed service of concentrated resources.”Since the proposal of cloud
manufacturing theory, academia has widely focused on its hierarchical structure
[2], typical characteristics [3], key technologies [4], resource virtualization [5,6],
and operation models [7], achieving substantial theoretical research and practi-
cal application results. However, compared with these achievements, research
on supply chain performance allocation after manufacturing resource sharing re-
mains limited, with existing literature only proposing some targeted ideas and
methods. Jin Ying et al. [8] proposed establishing a virtual organization cooper-
ation system for cloud manufacturing service platforms that introduces penalty
factors, based on the analysis of virtual organization cooperation informatization
service platform requirements, laying important theoretical and practical foun-
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dations for virtual organization cooperation research in cloud manufacturing
environments. Jia Guozhu et al. [9] used system dynamics methods to analyze
shared resource conflict problems and proposed a shared resource usage rights
grading and exchange mechanism based on simulation model results, specifically
addressing internal enterprise shared resource conflicts. Li Fang et al. [10] stud-
ied the sharing effectiveness and mechanisms of cloud manufacturing platforms
by establishing a sequential game model to analyze technology and service trans-
actions on cloud manufacturing platforms. Su Kaikai et al. [11] established a
non-cooperative game model using a multi-objective optimization function of
service quality indicators and flexibility indicators as the payoff function for
both game parties, effectively solving the manufacturing resource optimization
allocation problem in cloud manufacturing environments. Argoneto et al. [12]
proposed a capability sharing structure in cloud manufacturing environments,
employing cooperative game algorithms based on the Gale-Shapley model and
fuzzy engine tools to select capability allocation strategies considering relevant
enterprise benefit functions, verifying the high performance of cloud manufac-
turing capability sharing structures through case simulations.

The above research on manufacturing resource sharing and supply chain perfor-
mance analysis shows that current analyses of manufacturing resource sharing in
cloud manufacturing environments are primarily conducted under the assump-
tion that all sharing parties are “completely rational,”requiring participants
to always maximize their own benefits under any circumstances. However, the
cooperation intentions of participants in cloud manufacturing environments are
long-term. Manufacturing resource sharing parties integrate their respective
advantageous resources and enter the cloud platform to cooperate upon agree-
ing to the cloud platform management agreement. Their enterprise behaviors
in resource sharing are often constrained by other cloud platform cooperation
parties and thus cannot achieve maximum self-benefit goals. The“bounded ra-
tionality”assumption of evolutionary game theory fits this research background
perfectly. Therefore, this paper adopts evolutionary game theory methods to
conduct trend analysis on the cooperation process of enterprise manufacturing
resource sharing in cloud manufacturing environments, considering the bene-
fits of both game parties and measuring the influence of different factors on
enterprise manufacturing resource sharing equilibrium strategies based on in-
troducing the marginal scale benefits brought by cloud platform management
capabilities.

1 Problem Description
The cloud manufacturing platform constructs a virtual resource pool, primarily
composed of manufacturing resources, manufacturing services, manufacturing
demands, and several other components. To efficiently achieve resource sharing
and better serve the public, the cloud platform requires access from a large num-
ber of manufacturing resource provider enterprises and manufacturing resource
demander enterprises, striving to realize the actual scale benefits of the cloud
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platform as soon as possible. The manufacturing industry is a complex system-
atic project, particularly in large-scale complex manufacturing industries such
as automotive manufacturing, shipbuilding, and electrical machinery and equip-
ment manufacturing, all of which require collaborative cooperation between
manufacturing enterprises and numerous component suppliers at various lev-
els. To realize the cloud manufacturing model in the domestic manufacturing
field, manufacturing enterprises and component suppliers at all levels must aban-
don traditional supply chain systems, upgrade basic networks and information
infrastructure, complete the virtual encapsulation of manufacturing resources,
jointly access the cloud platform, and achieve optimal allocation of manufactur-
ing resources in the cloud, thereby forming an advanced supply chain operation
management system for manufacturing enterprises in the cloud manufacturing
environment. However, the access of manufacturing enterprises and component
suppliers to the cloud platform is a dynamic game process. In the process of real-
izing resource sharing, numerous technical and non-technical issues such as ben-
efit distribution and resource allocation are involved. Whether these problems
are solved directly affects the acceptance of the cloud manufacturing platform
by various enterprises and concerns the theoretical construction and practical
application of the cloud manufacturing platform. Therefore, this paper focuses
on studying the manufacturing resource sharing relationship between resource
provider enterprises (component suppliers at all levels) and resource demander
enterprises (production enterprises) in large-scale complex manufacturing fields
under the cloud manufacturing environment, analyzing the influence of different
factors on manufacturing resource sharing.

2 Evolutionary Game Model Construction
2.1 Model-Related Variables

Model-related variables are shown in Table 1 .

Table 1. Related Variables

Variable Symbol Variable Name
𝜃 Trust coefficient
𝐼 Cloud platform management

capability coefficient
𝐶1, 𝐶2 Channel cost coefficients for RSP

and RSD enterprises
𝑟1, 𝑟2 Information efficiency coefficients
𝑇 Technical loss risk coefficient
𝑄1, 𝑄2 Sharable manufacturing resource

quantities for RSP and RSD
enterprises

chinarxiv.org/items/chinaxiv-201808.00095 Machine Translation

https://chinarxiv.org/items/chinaxiv-201808.00095


Variable Symbol Variable Name
𝑢1, 𝑢2 Resource collaboration capability

coefficients for RSP and RSD
enterprises

𝑧1, 𝑧2 Resource transformation capability
coefficients for RSP and RSD
enterprises

𝛼, 𝛽 Penalty cost coefficients
𝑥, 𝑦 Initial sharing probabilities for

RSP and RSD enterprises
𝜆 Incentive coefficient
𝜋0 Basic benefit when both enterprises

choose not to share

2.2 Game Model Construction Assumptions

a) Resource Service Provider (RSP) enterprises primarily provide various
manufacturing equipment and material resources used in the component
manufacturing process (hard manufacturing resources), while Resource
Service Demander (RSD) enterprises primarily provide various software
tools, product models, professional knowledge, and process data necessary
for component manufacturing activities (soft manufacturing resources).

b) A certain RSP enterprise A and RSD enterprise B both access the cloud
platform. The strategy space for both parties is either manufacturing
resource sharing or manufacturing resource non-sharing. Both enterprises
are bounded rational and can independently adopt strategies.

c) The cloud platform management capability is unlimited and can accom-
modate an unlimited number of RSP enterprises, with the population
quantities of both types of enterprises being uniformly mixed.

d) Let 𝜃 be the probability that enterprise A chooses manufacturing re-
source sharing (which can also be understood as the proportion of RSP
enterprises choosing manufacturing resource sharing in the population;
this interpretation applies hereafter without further elaboration), where
𝜃 ∈ (0, 1), and 1 − 𝜃 be the probability that enterprise A chooses manu-
facturing resource non-sharing. Let 𝑦 be the probability that enterprise B
chooses manufacturing resource sharing, where 𝑦 ∈ (0, 1), and 1−𝑦 be the
probability that enterprise B chooses manufacturing resource non-sharing.

e) When both enterprises A and B choose manufacturing resource non-
sharing, the basic benefit of enterprise A is 𝜋1, and the basic benefit of
enterprise B is 𝜋2.

f) When enterprise A chooses manufacturing resource sharing while enter-
prise B chooses manufacturing resource non-sharing, enterprise A must
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invest substantial channel costs to purchase, upgrade, or replace existing
material sensing equipment and cyber-physical system equipment to es-
tablish databases and information systems that interface with the cloud
platform, as the hard manufacturing resources provided by enterprise A
require identification and access through IoT and cyber-physical systems
to be transformed into virtual resources of the cloud platform. These chan-
nel costs are denoted as 𝐶1. Meanwhile, due to improved production and
management informatization, enterprise A’s benefits also change. The
enterprise’s information efficiency coefficient is denoted as 𝑟1, so the in-
formation efficiency benefit is 𝑟1𝜋1, while enterprise B’s basic benefit
remains 𝜋2.

g) When enterprise A chooses manufacturing resource non-sharing while en-
terprise B chooses manufacturing resource sharing, since enterprise B
shares soft manufacturing resources and the enterprise itself has a high
degree of informatization, the soft manufacturing resources provided do
not require identification and access through IoT and cyber-physical sys-
tems, thus requiring less investment than enterprise A. Enterprise B’s
channel cost is denoted as 𝐶2. However, because the soft manufacturing
resources shared by enterprise B primarily consist of various manufactur-
ing software tools, product models, professional knowledge, and process
data—core technical advantages of the enterprise—once open for sharing,
the enterprise must bear technical loss risks. Enterprise B’s technical loss
cost is denoted as 𝑇 , while enterprise A’s benefit remains the basic benefit
𝜋1.

h) When both enterprises A and B choose manufacturing resource sharing
strategies, the benefits from manufacturing resource sharing include the
following components in addition to the aforementioned channel costs,
information efficiency benefits, and technical loss costs:

a) Resource collaboration benefit. The value created through resource
sharing collaboration benefits when both enterprises access the cloud platform.
This benefit is related to the enterprise’s own informatization degree and its
ability to absorb shared resources. The collaboration benefit of enterprise A is
denoted as 𝑢1𝜋1, and the collaboration benefit of enterprise B is 𝑢2𝜋2.

b) Resource transformation benefit. The benefit brought by transform-
ing and integrating shared manufacturing resources to create new value. This
benefit is directly related to the enterprise’s own R&D level and innovation
capability. The transformation benefit coefficient is denoted as 𝑧, introducing
the transformation benefit factor 𝜆. The transformation benefit factor resulting
from cloud platform and resource transformation is a nonlinear function of the
actual sharable manufacturing resource quantity. As the actual sharable manu-
facturing resource quantity increases, the transformation benefit factor increases
accordingly. However, when the sharable manufacturing resource quantity in-
creases to a certain extent, the expected benefit factor from resource transfor-
mation will approach the saturation point, reaching the theoretical maximum
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value. The resource transformation benefit of enterprise A is denoted as 𝑧1𝑄1,
and the resource transformation benefit of enterprise B is denoted as 𝑧2𝑄2.

c) Marginal scale benefit. The cloud platform management capability coeffi-
cient 𝐼 is defined as the number of RSP enterprises that the cloud platform can
accommodate. As the number of enterprises continues to increase, the types of
manufacturing resource sharing also increase, thereby forming scale benefits for
RSP enterprises in the cloud manufacturing platform. The scale benefit brought
by one RSP enterprise entering the cloud manufacturing platform for all RSP en-
terprise groups is denoted as 𝐼 . According to scale benefit and marginal benefit
theory [17-18], when the number of RSP enterprises entering the cloud platform
is small and the cloud platform management capability is strong, the scale bene-
fits of the cloud platform increase rapidly. When the number of RSP enterprises
entering the cloud platform is large, even exceeding the scope of cloud platform
management capability, the marginal scale benefits they can bring become in-
creasingly smaller or even negative. Based on the above definitions and analysis,
when both RSP and RSD enterprises choose to share manufacturing resources,
the marginal scale benefit of RSP enterprise A can be expressed as a function
of sharing probability: 𝐼𝜃.

d) Social additional benefit. The cloud manufacturing platform is a so-
cial network where all manufacturing resources are concentrated in the virtual
resource pool. Manufacturing resource sharing leads to improved social relation-
ships and increased social capital. This social relationship or network connection
is also part of the benefits from manufacturing resource sharing for both enter-
prises. The social additional benefit is denoted as 𝜆.

e) Penalty cost. During the manufacturing resource sharing process, both
parties agree through contracts or agreements in the cloud platform to impose
corresponding penalties on cloud platform enterprises that do not follow the
sharing agreement, thereby forming penalty costs. The penalty cost of enterprise
A is denoted as 𝛼, and the penalty cost of enterprise B is denoted as 𝛽.

2.3 Evolutionary Game Model Construction

Standard uniformly mixed evolutionary game theory requires that the popula-
tion contains infinitely many individuals uniformly mixed (any two individuals
in the population are equally likely to engage in the game), and does not con-
sider uncertain factors in the decision-making environment [19]. Based on the
variable assumptions in the above scenarios, the game payoff matrix for two
types of symmetrical enterprises conducting manufacturing resource sharing in
the cloud manufacturing environment is obtained, as shown in Table 2 .

Table 2. Evolutionary Game Payoff Matrix for Symmetrical Enter-
prise Manufacturing Resource Sharing in Cloud Manufacturing En-
vironment
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RSD Enterprise B
Share (𝑦) Not Share (1 − 𝑦)

RSP Enterprise A
Share (𝜃) 𝜋1 + 𝑢1𝜋1 + 𝑧1𝑄1 + 𝐼𝜃 −

𝐶1 − 𝛼(1 − 𝑦),
𝜋2 + 𝑢2𝜋2 + 𝑧2𝑄2 + 𝐼𝜃 −
𝐶2 − 𝑇 − 𝛽(1 − 𝜃)

𝜋1 + 𝑟1𝜋1 − 𝐶1, 𝜋2

Not Share (1 − 𝜃) 𝜋1, 𝜋2 + 𝑟2𝜋2 − 𝐶2 − 𝑇 𝜋1, 𝜋2

The expected benefits for RSP enterprise A choosing resource sharing and re-
source non-sharing are respectively:

𝜋1𝑠 = 𝑦[𝜋1 + 𝑢1𝜋1 + 𝑧1𝑄1 + 𝐼𝜃 − 𝐶1 − 𝛼(1 − 𝑦)] + (1 − 𝑦)(𝜋1 + 𝑟1𝜋1 − 𝐶1)

𝜋1𝑛 = 𝑦𝜋1 + (1 − 𝑦)𝜋1 = 𝜋1

Similarly, the expected benefits for RSD enterprise B choosing resource sharing
and resource non-sharing are respectively:

𝜋2𝑠 = 𝜃[𝜋2 + 𝑢2𝜋2 + 𝑧2𝑄2 + 𝐼𝜃 − 𝐶2 − 𝑇 − 𝛽(1 − 𝜃)] + (1 − 𝜃)(𝜋2 + 𝑟2𝜋2 − 𝐶2 − 𝑇 )

𝜋2𝑛 = 𝜃𝜋2 + (1 − 𝜃)𝜋2 = 𝜋2

Therefore, the expected average benefit for RSP enterprise A is:

𝐸1 = 𝜃𝜋1𝑠 + (1 − 𝜃)𝜋1𝑛

The expected average benefit for RSD enterprise B is:

𝐸2 = 𝑦𝜋2𝑠 + (1 − 𝑦)𝜋2𝑛

According to the Malthusian dynamic equation, the rate of strategy change
equals its fitness [20]. Therefore, the differential equations for the gene replica-
tion dynamic process of the evolutionary game of the two types of enterprises
are respectively:

𝑑𝜃
𝑑𝑡 = 𝜃(𝜋1𝑠 − 𝐸1) = 𝜃(1 − 𝜃)(𝜋1𝑠 − 𝜋1𝑛)

𝑑𝑦
𝑑𝑡 = 𝑦(𝜋2𝑠 − 𝐸2) = 𝑦(1 − 𝑦)(𝜋2𝑠 − 𝜋2𝑛)

Let 𝑑𝜃
𝑑𝑡 = 0, we can obtain 𝜃∗ = 0, 𝜃∗ = 1, or:

𝑦∗ = 𝑟1𝜋1 − 𝐶1 + 𝛼
𝑢1𝜋1 + 𝑧1𝑄1 + 𝐼𝜃 + 𝛼𝑦
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Similarly, let 𝑑𝑦
𝑑𝑡 = 0, we can obtain 𝑦∗ = 0, 𝑦∗ = 1, or:

𝜃∗ = 𝑟2𝜋2 − 𝐶2 − 𝑇 + 𝛽
𝑢2𝜋2 + 𝑧2𝑄2 + 𝐼𝜃 + 𝛽𝜃

Since 𝜃 and 𝑦 represent the probabilities of strategy selection for the game
parties, we have 0 ≤ 𝜃 ≤ 1 and 0 ≤ 𝑦 ≤ 1. Based on this, the constraint
conditions are shown in equation (8).

The five equilibrium points generated by the evolutionary game dynamic process
are: 𝑂(0, 0), 𝐴(1, 0), 𝐵(0, 1), 𝐶(1, 1), and 𝐷(𝜃∗, 𝑦∗). According to the stability
determination method of the Jacobian matrix proposed by Friedman [21], the
local stability analysis can be obtained. Taking partial derivatives of equation
(7) with respect to 𝜃 and 𝑦 respectively yields the following Jacobian matrix
(denoted as 𝐽):

𝐽 = [
𝜕 ̇𝜃
𝜕𝜃

𝜕 ̇𝜃
𝜕𝑦

𝜕 ̇𝑦
𝜕𝜃

𝜕 ̇𝑦
𝜕𝑦

]

The local stability analysis results for the five equilibrium points are shown
in Table 3 . Through stability analysis results, it can be seen that among the
five equilibrium points, there are two evolutionary stable strategies, respectively
satisfying conditions for 𝑂(0, 0) and 𝐶(1, 1), corresponding to the evolutionary
stable strategy combinations (Not Share, Not Share) and (Share, Share). Points
𝐴(1, 0) and 𝐵(0, 1) are unstable points, and point 𝐷(𝜃∗, 𝑦∗) is a saddle point.

Table 3. System Equilibrium Point Stability Analysis Results

Equilibrium Point det(𝐽) tr(𝐽) Stability
𝑂(0, 0) + - ESS
𝐴(1, 0) - + Unstable
𝐵(0, 1) - + Unstable
𝐶(1, 1) + - ESS
𝐷(𝜃∗, 𝑦∗) + 0 Saddle point

Through analysis, it can be known that this dynamic game process will eventu-
ally converge to the strategy equilibrium point 𝑂 where both types of enterprises
choose not to share and the strategy equilibrium point 𝐶 where both choose to
share. The direction in which the saddle point moves is jointly affected by
influencing factors such as initial sharing probability, platform management ca-
pability coefficient, resource transformation capability coefficient, resource col-
laboration capability coefficient, information efficiency coefficient, technical loss
risk coefficient, channel cost coefficient, penalty cost coefficient, trust coefficient,
and incentive coefficient. The dynamic variation process of the game is shown
in Figure 1 [Figure 1: see original paper].
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3 SD Model and Simulation
3.1 SD Model Construction

The SD model for the evolutionary game of symmetrical enterprise manufac-
turing resource sharing in cloud manufacturing environments is built based on
Vensim software. Its structure is shown in Figure 2 [Figure 2: see original
paper]. The SD model consists of 4 level variables, 2 rate variables, and 19
auxiliary variables. The sharing probability rate variables for the two types of
enterprises are represented by VarA and VarB respectively, with their value for-
mulas derived from the gene replication dynamic process differential equations
mentioned above. Other variable names are largely consistent with those in the
evolutionary game model.

3.2 Instance Simulation Experiment Scenario

1) Resource Type Description
Based on the manufacturing resource situation of a Shanghai automotive group
and its component suppliers, the manufacturing resources involved in this in-
stance simulation are mainly divided into two categories: hard manufactur-
ing resources and soft manufacturing resources. Hard manufacturing resources
primarily include manufacturing equipment required in product production ac-
tivities (specialized equipment necessary for manufacturing activities such as
machining centers, CNC machine tools, experimental equipment, and simula-
tion equipment), computing equipment (various computing system hardware
facilities such as arithmetic units, storage devices, and I/O terminals), and ma-
terials required for products (finished products, semi-finished products, and raw
materials). Soft manufacturing resources mainly refer to professional software
tools required in production activities (various large-scale professional software
such as AutoCAD, Matlab, and ProE), manufacturing models (various empir-
ical models used for mechanical, thermal, dynamic, and control analysis), do-
main knowledge (multidisciplinary and multi-domain knowledge used in various
stages of manufacturing activities), and process data (large amounts of process
data accumulated from previous manufacturing activities).

2) User Demand Description
Manufacturing resource provider enterprises achieve interconnection, identifi-
cation, perception, and information transmission of manufacturing resources
through the Internet of Things (IoT), Cyber-Physical Systems (CPS), and com-
puting system virtualization, thereby realizing the virtualization of physical
manufacturing resources and completing the construction of virtual manufactur-
ing resource pools. Manufacturing resource demander enterprises publish single
manufacturing resource demand tasks or combined resource demand tasks on
the cloud platform according to their own needs. The cloud platform opera-
tor mainly bears the risks that may arise during the manufacturing resource
allocation service process, while ensuring the smooth progress of manufacturing
resource allocation services by constraining manufacturing resource provider en-
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terprises.

3) Instance Simulation Analysis
Based on the financial statements, performance assessments, and information en-
gineering diagnostic models of a Shanghai automotive group and its component
suppliers, effective initial parameter values were obtained through requirement
analysis, cost budgeting, risk control, comprehensive diagnosis, quality tracking,
and other approaches. The SD model initial values are set with initial time =
0, final time = 100, and time step = 0.25.

The simulation process in this paper fixes most variable initial values while
separately changing parameter initial values from ten aspects: initial sharing
probability, platform management capability coefficient, resource transforma-
tion capability coefficient, resource collaboration capability coefficient, informa-
tion efficiency coefficient, technical loss risk coefficient, channel cost coefficient,
penalty cost coefficient, trust coefficient, and incentive coefficient, to conduct
comparative analysis of different parameter changes on system evolution results.

1) Influence of Initial Sharing Probability on Evolution Results
With the initial sharing probability value of type B enterprises fixed at 0.2, the
initial sharing probability values of type A enterprises are set to 0.1, 0.4, 0.7,
and 0.9 respectively to observe the changes in sharing strategy selection for both
types of enterprises. The simulation results are shown in Figure 3 [Figure 3: see
original paper] and Figure 4 [Figure 4: see original paper].

The simulation results show that when the initial sharing probability value of
type B enterprises is fixed, the evolution trend of type A enterprises’sharing
probability is significantly affected by its initial sharing probability value, show-
ing a positive correlation. That is, when the initial sharing probability value of
type A enterprises is larger, the speed at which its sharing probability converges
to 1 is relatively faster. At the same time, the sharing probability of type B
enterprises also shows a positive correlation with the initial sharing probability
value of type A enterprises. When the initial sharing probability value of type
A enterprises is larger, the speed at which type B enterprises’sharing proba-
bility converges to 1 is faster, and vice versa. According to evolutionary game
theory, the probability of a single enterprise choosing manufacturing resource
sharing within a population is the same as the proportion of enterprises choos-
ing manufacturing resource sharing within that population. Therefore, whether
an enterprise chooses a sharing strategy is influenced by the participation level
of most enterprises in the industry. Specifically, when leading enterprises in the
industry gradually enter the cloud manufacturing platform for manufacturing
resource sharing, other enterprises will follow suit and use the cloud manufac-
turing platform, forming an industry scale effect. Similarly, fixing the initial
sharing probability value of type A enterprises and changing the initial sharing
probability value of type B enterprises will produce similar phenomena, with
the simulation process omitted here.

2) Influence of Platform Management Capability Coefficient on Evo-
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lution Results
With the initial sharing probability value of type B enterprises fixed at 0.2, the
platform management capability coefficient values are set to 0.1, 0.4, 0.7, and 9
respectively to analyze the changes in sharing strategy selection for both types
of enterprises under type A enterprise initial sharing probability values of 0.1,
0.4, 0.7, and 0.9 (since the simulation results are similar, only the simulation
results for platform management capability coefficient equal to 0.1 and 0.7 are
shown in Figure 5 [Figure 5: see original paper] and Figure 6 [Figure 6: see
original paper]).

The simulation results show that the evolution trend of type A enterprises’shar-
ing probability is significantly affected by the platform management capability
coefficient. When the 𝐼 value is larger, the speed at which type A enterprises’
sharing probability converges to 1 is faster, and vice versa. However, as the
initial sharing probability of type A enterprises increases, the influence of the
platform management capability coefficient on the evolution trend of its sharing
probability becomes smaller. Therefore, the cloud platform management capa-
bility coefficient has a significant positive influence on enterprise manufacturing
resource sharing strategy selection. When the cloud platform management ca-
pability coefficient is larger, enterprises are more inclined to choose the cloud
platform to implement sharing strategies. Similarly, the sharing probability
of type B enterprises is also affected by the platform management capability
coefficient in a similar manner, with the simulation process omitted here.

3) Influence of Resource Transformation Capability Coefficient on
Evolution Results
With the initial sharing probability value of type B enterprises fixed at 0.2, the
resource transformation capability coefficient of type A enterprises is set to 0.5
and 0.9 respectively, with evolution results shown in Figure 7 [Figure 7: see
original paper] and Figure 8 [Figure 8: see original paper].

Compared with Figure 3, it is found that as the resource transformation capa-
bility coefficient of type A enterprises gradually increases, the speed at which
its sharing probability converges to 1 accelerates, indicating that the resource
transformation capability coefficient is an important guarantee for promoting
cooperation among enterprises. Similarly, the sharing probability of type B en-
terprises is also affected by the resource transformation capability coefficient in
a similar manner, with the simulation process omitted here.

4) Influence of Resource Collaboration Capability Coefficient on Evo-
lution Results
With the initial sharing probability value of type B enterprises fixed at 0.2, the
resource collaboration capability coefficient of type A enterprises is set to 0.4
and 0.7 respectively, with evolution results shown in Figure 9 [Figure 9: see
original paper] and Figure 10 [Figure 10: see original paper].

Through comparative analysis with Figure 3, it is found that as the resource
collaboration capability coefficient of type A enterprises gradually increases, the
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speed at which its sharing probability converges to 1 accelerates, indicating a
positive correlation between the resource collaboration capability coefficient and
the evolution trend of sharing probability. Similarly, the sharing probability
of type B enterprises is also affected by the resource collaboration capability
coefficient in a similar manner, with the simulation process omitted here.

5) Influence of Information Efficiency Coefficient on Evolution Results
With the initial sharing probability value of type B enterprises fixed at 0.2, the
information efficiency coefficient of type A enterprises is set to 0.45 and 0.85
respectively, with evolution results shown in Figure 11 [Figure 11: see original
paper] and Figure 12 [Figure 12: see original paper].

At this time, the convergence speed of type A enterprises’sharing probability
to 1 is significantly accelerated compared with Figure 3. It can be discovered
that enterprises promoting informatization construction can not only improve
their own production, service, and management efficiency but also promote
cooperation among enterprises.

6) Influence of Technical Loss Risk Coefficient on Evolution Results
With the initial sharing probability value of type A enterprises fixed at 0.3,
the initial sharing probability of type B enterprises is set to 0.1, 0.4, 0.7, and
0.9 respectively to observe the evolution results of type B enterprises’sharing
probability when the technical loss risk coefficient of type B enterprises is 0.4
and 0.9 respectively, with simulation results shown in Figure 13 [Figure 13: see
original paper] and Figure 14 [Figure 14: see original paper].

Comparing Figure 13 and Figure 14, it is evident that the increase in the tech-
nical loss risk coefficient significantly reduces the speed at which type B enter-
prises’sharing probability converges to 1. More notably, in Figure 14, when the
initial sharing probability value of type B enterprises is 0.1, the initial sharing
probability of type B enterprises actually converges to 0. This indicates that
the probability of type B enterprises choosing the sharing strategy decreases
with the increase of the technical loss risk coefficient. When this coefficient in-
creases to a certain level, enterprises will undoubtedly choose the manufacturing
resource non-sharing strategy.

7) Influence of Channel Cost Coefficient on Evolution Results
With the initial sharing probability value of type B enterprises fixed at 0.2, the
channel cost coefficient of type A enterprises is set to 0.6 and 0.9 respectively,
with evolution results shown in Figure 15 [Figure 15: see original paper] and
Figure 16 [Figure 16: see original paper].

Comparing Figure 15 and Figure 16, it is clear that when the channel cost of type
A enterprises increases, the probability of its sharing probability converging to 1
decreases and the decreasing speed slows down. Specifically, when the channel
cost coefficient of type A enterprises is 0.8 or 1, type A enterprises with an initial
sharing probability of 0.1 will eventually converge to 0, indicating that type A
enterprises will choose the manufacturing resource non-sharing strategy when
channel costs are excessively high. Therefore, if the cost for enterprises to enter
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the cloud platform far exceeds the benefits it brings, no matter how advanced
the manufacturing technology is, it will not prompt enterprises to change their
production models. Thus, low cost and high efficiency should be made the
absolute advantage of the cloud platform. Similarly, the sharing probability of
type B enterprises is also affected by channel costs in a similar manner, with
the simulation process omitted here.

8) Influence of Penalty Cost Coefficient on Evolution Results
With the initial sharing probability value of type B enterprises fixed at 0.2, the
penalty cost coefficient of type A enterprises is set to 0.4 and 0.6 respectively,
with evolution results shown in Figure 17 [Figure 17: see original paper] and
Figure 18 [Figure 18: see original paper].

Through comparative analysis with Figure 3, it is not difficult to find that as
the penalty cost coefficient gradually increases, the probability of type A enter-
prises’sharing probability converging to 1 decreases and shows a slowing trend.
Specifically, when the penalty cost coefficient increases to a certain level, such
as the initial value of 0.6 set in this paper, type A enterprises will eventually
converge to 0 regardless of their initial sharing probability value, indicating that
type A enterprises will choose to abandon manufacturing resource sharing un-
der the premise of excessively high penalty cost coefficients. However, in the
evolution process of sharing strategies, some enterprises often choose to share
some low-value, non-core manufacturing resources, which allows them to save
channel costs, avoid technical loss risks, and still obtain shared manufacturing
resources from the cloud platform. To stimulate enterprises to share core manu-
facturing resources and increase the cost of such free-riding behavior, a penalty
mechanism must be established. If the penalty cost coefficient is too low, it can-
not achieve the goal of promoting enterprises to choose manufacturing resource
sharing. Conversely, if the penalty cost coefficient is too high, it will inevitably
increase enterprises’psychological risk costs, causing them to abandon manu-
facturing resource sharing. Therefore, the penalty cost coefficient must be set
reasonably. Similarly, the sharing probability of type B enterprises is also af-
fected by penalty costs in a similar manner, with the simulation process omitted
here.

9) Influence of Trust Coefficient on Evolution Results
With the initial sharing probability value of type B enterprises fixed at 0.2, the
trust coefficient is set to 0.55 and 0.85 respectively, with evolution results for
type A enterprises’resource sharing shown in Figure 19 [Figure 19: see original
paper] and Figure 20 [Figure 20: see original paper].

Through comparative analysis with Figure 3, it is found that when the initial
sharing probability value is larger, as the trust coefficient increases, the probabil-
ity of type A enterprises’sharing probability converging to 1 increases. However,
when the initial sharing probability value is very small, such as when the initial
sharing probability of type A enterprises is fixed at 0.1 and 0.3, the trust co-
efficient shows a negative correlation with enterprise sharing probability, even
converging to 0. This indicates that when the initial sharing probability is too
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low, a higher trust coefficient will instead increase mutual suspicion between
the sharing parties, ultimately leading enterprises to choose the manufacturing
resource non-sharing strategy. This shows that when the enterprise sharing
probability initial value is high, full mutual trust between enterprise parties
helps the continuation of resource sharing, and platform incentives will also pro-
mote the in-depth development of resource sharing. Conversely, if the enterprise
sharing probability initial value is too low, an excessively high trust coefficient
will instead make enterprises suspicious of each other and increase distrust of the
cloud manufacturing platform, which will inevitably affect the continuation of
manufacturing resource sharing. Therefore, a reasonable trust coefficient must
be established. Since the incentive coefficient and trust coefficient belong to
the same type of variable in the mathematical model, the simulation results are
consistent, and the simulation process is omitted here.

4 Conclusion
This paper establishes an evolutionary game model for symmetrical enterprise
manufacturing resource sharing strategies in cloud manufacturing environments
from the perspective of evolutionary game theory. Based on the system dynam-
ics method, the software Vensim is used to conduct dynamic simulation of the
system, and the influence of different factors on evolution results is compar-
atively analyzed. The following conclusions and recommendations are drawn
from the perspectives of cloud manufacturing service providers and manufactur-
ing enterprises:

a) For cloud manufacturing service providers: The cloud platform man-
agement capability coefficient has a significant positive influence on enterprise
manufacturing resource sharing strategy selection. When the cloud platform
management capability coefficient is larger, enterprises are more inclined to
choose the cloud platform to implement sharing strategies. As providers of
manufacturing resource services, cloud manufacturing service providers should
strengthen the construction of management capabilities. Additionally, if the
cost for enterprises to enter the cloud platform far exceeds the benefits it brings,
no matter how advanced the manufacturing technology is, it will not prompt
enterprises to change their production models. Therefore, low channel costs
and high information efficiency should be made the absolute advantages of the
cloud platform. The setting of the penalty cost coefficient is an important guar-
antee for the healthy development of enterprise resource sharing models in cloud
environments. Reasonably setting the penalty cost coefficient is an important
issue that cloud manufacturing service providers need to consider. The infor-
mation efficiency coefficient and technical loss risk coefficient are key factors
in the evolution process of enterprise sharing strategies. Cloud manufacturing
service providers must strengthen risk control in terminal access, system op-
eration, electronic payment, and other collaborative businesses while ensuring
basic information efficiency benefits for enterprises, improve the reliability of
resource interoperability and sharing, and simultaneously integrate enterprise
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manufacturing resource types, formulate reasonable incentive coefficients, and
provide effective guarantees for the stable operation of the cloud manufacturing
resource sharing model.

b) For enterprises: As economic entities on the cloud platform, their popu-
lation sharing proportion will affect the evolution process of sharing strategies
to a certain extent. Whether an enterprise chooses a sharing strategy is influ-
enced by the participation level of most enterprises in the industry. Specifically,
when leading enterprises in the industry gradually enter the cloud manufactur-
ing platform for manufacturing resource sharing, other enterprises will follow
suit and use the cloud manufacturing platform, forming an industry scale ef-
fect. To a certain extent, the trust coefficient also affects the results of sharing
strategy evolution. When the enterprise sharing probability initial value is high,
full mutual trust between enterprise parties helps the continuation of resource
sharing. The resource collaboration capability coefficient and transformation
capability coefficient put forward higher requirements for enterprise informati-
zation improvement and innovation R&D capabilities in cloud manufacturing
environments. Therefore, enterprises must enhance their own informatization
degree and increase investment in R&D and innovation to promote the in-depth
development of resource sharing.

This paper is based on the premise of bounded rationality in evolutionary game
theory, breaking through the complete rationality hypothesis of classical game
theory to solve practical problems more scientifically and reasonably. More-
over, combining the system dynamics method with evolutionary game theory to
study the problem of symmetrical enterprise manufacturing resource sharing in
cloud manufacturing environments is also a new attempt. The research in this
paper is conducted under certain reasonable assumptions. Although reality is
often more complex, the research conclusions have certain theoretical guiding
significance for the development of enterprises and cloud manufacturing service
providers. In subsequent research, we will further optimize the model based on
practical realities to deepen its practical significance. Additionally, this paper
does not involve more complex multi-party cooperative collaborative manufac-
turing scenarios, which will also be the focus of our subsequent research.
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