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Abstract 

This paper proposes a digital twin enhanced approach for optimizing collaborative production 

scheduling in multi-enterprise manufacturing systems. A multi-objective model is developed 

incorporating practical constraints such as limited time windows, different production capacities, and 

transportation considerations. To solve the model, an Improved Non-dominated Sorting Genetic 

Algorithm (INSGA-II) is designed with specialized operators and strategies. The digital twin simulation 

is enriched with Multi-objective Decision Making based on Interaction Structures (MDIS) to obtain 

higher-quality solutions. Experiments demonstrate that the MDIS digital twin approach reduces 

manufacturing lead times and costs while improving utilization and quality compared to standard 

methods. This research provides an effective optimization framework to leverage cloud manufacturing 

resources across organizations. 
(Received in July 2023, accepted in November 2023. This paper was with the authors 2 months for 2 revisions.) 
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1. INTRODUCTION 

Shared manufacturing is a new production model based on cloud manufacturing technology 

that shares idle manufacturing capacity. In recent years, more and more cloud manufacturing 

platforms have provided equipment-sharing services for manufacturing enterprises, which has 

become a new highlight in the development of manufacturing. For example, China's 1688 

Taofactory and Aerospace Cloud platforms provide equipment leasing services for 

manufacturing enterprises, and these services largely reduce the costs of equipment user 

enterprises while compensating for the lack of production capacity in small and medium-sized 

enterprises due to the surge in orders. 

      Cloud manufacturing under capacity sharing has evolved from mass production to mass 

personalized production [1]. The manufacturing characteristics of product personalization, 

manufacturing capacity socialization, and interconnection integration are gradually emerging. 

These make production scheduling in a cloud manufacturing environment more complex and 

challenging to solve. While traditional centralized scheduling focuses on resource allocation 

within a single production unit, scheduling for capacity sharing requires consideration of 

cooperation and coordination among multiple participants. However, most of the enterprises 

involved in collaboration are heterogeneously distributed, the production capacity and 

technology of different manufacturing enterprises have great variability, the tasks and demands 

of customers become complex and diverse, and many enterprises share only some remaining 

capacity. Including the customer's reputation, the difficulty of platform scheduling, and the 

dynamic changeability of production resources, the cloud manufacturing under capacity sharing 

has many urgent problems to be solved. It is clear that traditional scheduling methods are no 

longer able to solve the existing problems. There is a desire to develop a modern mass 

customization production model that is customer demand-driven and well able to handle the 

important manufacturing requirements such as multiple varieties, small lot sizes, rapidity, 

flexibility and dynamics [2]. In order to satisfy this model, a suitable scheduling model and 
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more powerful optimization methods need to be designed to dynamically and flexibly adjust 

the production plan according to various demands. 

      In recent years, the scheduling problem under capacity sharing has received attention from 

many researchers. Xu et al. [3] studied the identical parallel machine scheduling problem with 

due dates to deadlines, considering both order sharing and the time value of money. Koulouris 

and Georgiadis [4] Calculate the scheduling problem for the minimum cycle time and all 

feasible cycle time ranges in the context of periodic scheduling for shared manufacturing. Chen 

et al. [5] put the quality of service (QOS) at the centre and proposed a model to optimize QOS 

performance and reduce QOS risk. Aghamohammadzadeh et al. [6] combined both logistics 

and production to minimize cloud entropy, as the goal of the model to simplify the complexity 

of the order schedule on the platform. Tong and Zhu [7] developed a customer-oriented 

satisfaction scheduling model targeting timeliness, taking into account available capacity time 

windows, adjustable processing rates, and varying processing energy consumption. Wang and 

Suo [8] focused on a production logistics scheduling model that considers energy consumption 

and carbon emissions. Chen and Zhao [9] developed a multi-objective scheduling model 

considering realistic constraints such as multi-cycle control and work transport time. Huo and 

Wang [10] proposed a dynamic scheduling method incorporating digital twins to address the 

impact of emergencies in workpiece production on the production schedule. The above 

literature has examined different aspects; however, most researchers have overlooked a key 

issue. The capacity available to the enterprise in a capacity sharing environment is for a few 

finite windows of time, not all of the time, which is one of the most distinctive features of shared 

manufacturing. In addition, production performance varies greatly from enterprise to enterprise, 

such as time, cost, energy consumption, and quality. And as scheduling for multi-enterprise 

collaboration, the distance factor between enterprises must also be taken into account. 

      For solving, intelligent optimization algorithms are widely used in production scheduling 

problems because they have significant advantages in solving complex nonlinear optimization 

problems by combining their own search mechanism and efficient neighbourhood search. 

Among them, the non-dominated sorting genetic algorithm (NSGA-II) proposed by Deb et al. 

[11] has the advantages of fast operation speed and good convergence due to the use of a fast 

non-dominated sorting method, an elite retention strategy, and a congestion comparison 

operator. After this, many researchers have improved the local search capability of NSGA-II 

by designing specific neighbourhood search strategies [12, 13]. Some researchers have also 

made some improvements to the crossover and mutation operations of NSGA-II to address 

specific scheduling models [14, 15]. Of course, there are some other improvements, such as Li 

et al. [16] included two heuristic selection strategies in NSGA-II for solving the multi-row shop 

layout problem. Liu et al. [17] inserted a local search strategy for obtaining intersection and 

sparse points based on non-dominated sorting results into the NSGA-II to solve a specific 

scheduling problem. It can be found that in the field of production scheduling, researchers are 

keen to improve the convergence and diversity of NSGA-Ⅱ by improving genetic operators and 

elite retention strategies, or by adopting local search strategies and global improvement 

mechanisms. However, few studies have focused on population initialization rules and adaptive 

improvement, whereas the quality of the population has a significant impact on the performance 

of the algorithm, and the constant cross-variance probability limits the exploration potential of 

the algorithm. In addition, truly effective local search strategies often need to be designed 

according to the characteristics of the problem. 

      In summary, in order to bridge the gap in existing research, this paper proposes a Multi-

objective Decision Making based on Interaction Structures approach to optimize the scheduling 

of spare capacity sharing across multiple enterprises. The model focuses on the reality of the 

manufacturing time window available to enterprises while considering the diversity of customer 

demand, manufacturing capacity, processing time, processing cost and processing quality 
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variability, and the distance between collaborating enterprises. For the solution method, we 

have made some improvements to NSGA-II in order to reasonably balance its global 

exploration and local search capabilities and to exploit the potential of the algorithm. Firstly, 

the initialization strategy is designed according to the heuristic rule to improve the quality of 

the population. Then an adaptive cross-variation probability is designed to make the algorithm 

more focused on exploring the regions that are conducive to obtaining the optimization results 

during the search process, so as to improve the convergence speed and stability of the algorithm. 

Finally, a variable neighbourhood search strategy incorporating five operations is designed 

according to the objectives of the model to further strengthen the local search capability of the 

algorithm. The experimental results show that our algorithm has better performance, and the 

proposed model can significantly improve the capacity utilization of the enterprise. The 

research content of this paper is shown in Fig. 1. 

      This paper is structured as follows. In Section 1, a literature review of recent scheduling 

studies and solution algorithms for idle capacity sharing is presented. Then, in Section 2, we 

propose a cooperative scheduling model for idle capacity sharing with time, cost, and quality 

as the model objectives. Section 3 introduces the INSGA-II algorithm, focusing on describing 

the improvement operations of the algorithm. Section 4 verifies the superiority of INSGA-II 

through comparative experiments and uses a case study to illustrate that the proposed 

scheduling model improves the capacity utilization of the enterprise with better performance 

than the traditional approach. Finally, Section 4 summarizes the full text and outlines directions 

for future research. 

  

Figure 1: Production scheduling with shared idle capacity. 

2. A SCHEDULING MODEL FOR MULTI-ENTERPRISE IDLE 

CAPACITY SHARING 

2.1  Problem description 

The cooperative scheduling problem for sharing idle manufacturing capacity of multiple 

enterprises can be described as follows: there are n tasks, and each task has a different number 

of subtasks, denoted as Tij (i = 1, 2, ..., n, j = 1, 2,…, qi). We need to select one of the m enterprises 

(denoted as Mk {M1, M2,…, Mm}) on the shared manufacturing platform that has the processing 

capability to process the subtask Tij and schedule each of the remaining subtasks. Consideration 

also needs to be given to the fact that (1) the manufacturing capacity provided by each enterprise 

is within a few defined time windows; (2) for different sub-tasks, the processing time, cost, and 

quality of the different manufacturing enterprises are different; and (3) the transport distances 

and transport costs between enterprises are different. 

      The objective of this paper is to determine the processing enterprise for each sub-task and 

the processing time for different tasks on each enterprise to achieve the optimal combination of 

total completion time, total processing cost, and total processing quality. 
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2.2  Definition of symbols 

The definitions of the symbols used in this paper are shown in Table I. 

Table I: Definition of symbols. 

Symbol Description 

𝑘, 𝑔 Number of the enterprise, k, g ∈{1, 2, 3, ..., m} 

𝑖 Number of the task, i ∈{1, 2, 3, ..., n} 

𝑗, 𝑟 Number of the task, j, r ∈{1, 2, 3, ..., qi} 

𝑡 The tth idle capacity time window of enterprise k, t ∈{1, 2, 3, ..., tk} 

𝑇𝑖𝑗 Subtask j of task i 

𝑆𝑇𝑖𝑗 Theoretical start time for task Tij 

𝑆𝑖𝑗
𝑘  Actual start time of task Tij in enterprise k 

𝐹𝑖𝑗 Completion time for task Tij 

𝐹𝑖𝑞𝑖
 Completion time of the last subtask of task i  

𝑃𝑖𝑗
𝑘  Processing time of task Tij in enterprise k 

𝑃𝐶𝑖𝑗
𝑘  Processing costs of task Tij on enterprise k 

𝑇𝑇𝑔𝑘 Transport time between enterprises g and k 

𝑇𝐶𝑔𝑘 Transport costs between enterprises g and k 

𝑄𝑖𝑗
𝑘  Production quality of task Tij on enterprise k 

𝐽𝑆𝑡
𝑘 The start of the tth idle time window for enterprise k 

𝐽𝐹𝑡
𝑘 The end of the tth idle time window for enterprise k 

𝑋𝑖𝑗
𝑘  Value 1 if task Tij is processed on enterprise k, 0 otherwise 

𝑌𝑖𝑗
𝑘 Value 1 if enterprise k can process task Tij, 0 otherwise 

  Value 1 if task Ti2j2 is processed after task Ti1j1, 0 otherwise 

R Value 1 if subtask j is after subtask r, 0 otherwise 

2.3  Mathematical model 

Based on the characteristics of the problem, we develop a mathematical model to minimize the 

total completion time, total cost, and total quality grade. 

𝑚𝑖𝑛𝑇 = max
𝑖

𝐹𝑖𝑞𝑖
 (1) 

𝑚𝑖𝑛𝐶 = ∑ ∑ ∑(𝑋𝑖𝑗
𝑘 𝑃𝐶𝑖𝑗

𝑘 ) + ∑ ∑ ∑ ∑(𝑋𝑖𝑗
𝑘 𝑋𝑖𝑗+1

𝑘 𝑇𝐶𝑖𝑗
𝑘 )

𝑚

𝑔=1
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 (2) 
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𝑚
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∑(𝑋𝑖𝑗
𝑘 𝑌𝑖𝑗

𝑘) = 1

𝑚

𝑘=1

 (4) 

(𝑆𝑖2𝑗2

𝑘 − 𝐹𝑖1𝑗1

𝑘 )𝛿 + (𝑆𝑖1𝑗1

𝑘 − 𝐹𝑖2𝑗2

𝑘 )(1 − 𝛿) ≥ 0 (5) 

[𝑆𝑖𝑗
𝑘 − (𝐹𝑖𝑟

𝑔
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𝑔
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𝑗

(𝑆𝑖𝑗
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𝑘)𝑋𝑖𝑗
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𝐹𝑖𝑗
𝑘 = 𝑆𝑖𝑗

𝑘 + 𝑃𝑖𝑗
𝑘  (10) 

𝑆𝑇𝑖𝑗 = {
max(𝐹𝑖𝑟

𝑔
+ 𝑇𝑇𝑘𝑔) 𝑋𝑖𝑗

𝑘 , 𝑟 ∈ 𝑝𝑟𝑒 𝑗

0, 𝑗 = 1
 (11) 

      Eq. (1) is to minimize the maximum completion time. Eq. (2) is to minimize the total cost, 

where the total cost is the sum of the total manufacturing cost and the total transport cost. Eq. (3) 

is to minimize the total quality grade. Where a lower quality grade represents a higher product 

pass rate and the production pass rate of all processable enterprises meets the minimum 

requirements of the task. Eq. (4) indicates that each subtask can be processed by only one 

enterprise that can process it. Eq. (5) indicates that an enterprise cannot process more than one 

task at the same time. Eq. (6) is a priority constraint between different subtasks, where a later 

subtask can only start when the previous subtask is completed and transported to the next 

enterprise. Eq. (7) is the actual start time constraint of the task, and in enterprise k, Ti0j0 denotes 

the immediately preceding task of Tij. Eq. (8) indicates that each task is to be completed within 

the most forward available time window in the enterprise. Eq. (9) indicates that the completion 

time of all tasks on enterprise k is less than the end time of its last time window. Eq. (10) is the 

completion time of the task. Eq. (11) is the theoretical start time constraint for the task, which 

is moment 0 when j = 1. 

3. IMPROVED OPERATION OF THE INSGA-II ALGORITHM 

The INSGA-II algorithm in this paper mainly improves the initialization, adaptive operation, 

and variable neighbourhood search strategy and designs a reasonable decoding method. The 

elite selection strategy uses the non-dominated sorting method in NSGA-II to determine the 

fitness value of an individual based on the objective function to evaluate the individual's merit. 

The pseudocode of the algorithm is shown in Fig. 2. 
 

 

Figure 2: Flowchart of INSGA-II algorithm. 

Improved Non-dominated Sorting Genetic Algorithm (INSGA-II) 

Input: Original dataset, population size N, number of iterations Gen, crossover 

probability Pc=(minPc, maxPc), mutation probability Pm=(minPm, maxPm) 

Output: Pareto Front PF 

1: Three initialization rules were used to generate the initial population 

2: Decode and remove invalid individuals, then place the non-dominated solution set 

in an external population (EP) 

3: For t=1 to Gen 

4:    Set the adaptive Pc and Pm according to section 3.6 

5:    For n=1 to N 

6:       If rand<Pc 

7:      According to the crossover strategy in Section 3.4, the IPOX approach is 

used for task codes and the MPX approach is used for enterprise codes 

8:       End 

9:       If rand<Pm 

10:    According to the mutation strategy in section 3.5, task codes use the 

insertion mutation and enterprise codes use the hybrid mutation 

11:      End 

12:    Local search using the variable neighborhood search strategy of Section 3.7 

13:    End 

14: Decode and remove invalid individuals, then use the elite strategy to select 

the next generation of the population 

15:    Update EP 

16: End 
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3.1  Coding rules 

In this paper, two layers of chromosome coding are used, the first layer is task code, in which 

each subtask is represented by a corresponding task serial number, and the kth occurrence of the 

task serial number from left to right indicates the kth subtask of the task; the second layer is 

enterprise code, which is used to determine the manufacturing enterprise corresponding to each 

subtask. As shown in Fig. 3, the order of task processing and the corresponding manufacturing 

companies are as follows: (T21, M3), (T11, M1), (T22, M4), (T12, M3), (T31, M4), (T13, M2), 

(T23, M5), and (T32, M2). 

 

Figure 3: Two-layer chromosome coding. 

3.2  Decoding rules 

Since this paper is insertion scheduling at idle capacity, the chromosomes generated by the 

algorithm may be invalid scheduling schemes, which requires decoding the newly generated 

population and removing the invalid individuals in the following steps: 

      (1) Determine the available time window. First, we need to determine the manufacturing 

period available for processing in each enterprise. 

      (2) Sequential decoding. Determining the processing order of each task based on the task 

code. 

      (3) Time scheduling. Determine the processing enterprise for each subtask based on the 

enterprise code, find its processing time and transport time to the next enterprise, insert the task 

forward to the corresponding enterprise's available period for processing, and ensure that it will 

not conflict with other processing tasks. By repeating the above operation until all sub-tasks 

have corresponding enterprises completed, the actual scheduling plan can be obtained. 

3.3  Initialisation 

To improve the quality and diversity of the initial population, we designed an initialization 

strategy that incorporates three rules. 

      Random initialization rules. The task codes are randomly sorted, and then the enterprise 

codes for the corresponding tasks are randomly selected. 

      Hybrid initialization rules. Task codes are randomly generated, and then the enterprise with 

the smallest processing time, the smallest processing quality level, or the smallest processing 

cost is selected for each subtask. The ratio of using each of the above three methods is set to 

1/3. 

      Non-dominated solution priority rule. Execute the above two rules separately to produce 

two initial populations, both of size N. Then use non-dominated sorting to select the top N 

individuals as the initial population. 

3.4  Crossover strategy 

The task code section uses improved precedence operation crossover (IPOX) as shown in 

Fig. 4 a. Firstly, assign all tasks randomly into two datasets R1 and R2 such that R1UR2 = R, 
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R1∩R2 = Ø. Next, copy the task gene of R1 in parent P1 into child C1, copy the task gene of R2 

in parent P2 into child C2, and keep the position of the task gene unchanged before and after 

copying. Finally, empty gene positions in child C1 are filled in sequentially with the task genes 

of R2 in parent P2, and empty gene positions in child C2 are filled in sequentially with the task 

genes of R1 in parent P1. 

     The enterprise code section uses multipoint preservative crossover (MPX) operation, as 

shown in Fig. 4 b. Firstly, randomly generate an array G of 0 and 1 with the length of the total 

number of tasks. Then randomly select two parent chromosomes P1 and P2 based on the 

manufacturing enterprises' codes and exchange the codes of P1 and P2 at the position where the 

number 1 appears in the array G to generate the manufacturing enterprises' codes of the child. 

 R1 = {1, 3}, R2 = {2, 4} 

 
  a) IPOX operations for task code  b)MPX operations for enterprise code 

Figure 4: Crossover operation. 

3.5  Mutation strategy 

Task code uses an insertion mutation operation, as shown in Fig. 5 a. The operation is as follows, 

two position points, S1 and S2 are randomly selected, and if S1 < S2, the task gene located in S2 

is inserted before S1. 

      The enterprise code uses a combined mutation operation, as shown in Fig. 5 b. A gene 

location is randomly found in the enterprise code, and in the set of optional enterprises at that 

location, (1) its gene is randomly replaced with another enterprise, (2) its gene is replaced with 

the enterprise with the smallest processing quality grade, and (3) its gene is replaced with the 

enterprise with the smallest processing cost. The ratio used in all three of these ways is set to 

1/3. 

 
 a) Task code mutation operations  b)Enterprise code mutation operations 

Figure 5: Mutation operation. 

3.6  Adaptive cross-mutation strategy 

The crossover and mutation operations and their probabilities affect the search performance of 

the algorithm. In the pre-evolutionary stage of the population, the excellent solutions are far 

away from the Pareto front, when a larger crossover probability (Pc) can be used to improve the 

local search ability; in the late stage of the population evolution, the number of excellent 

solutions is larger, when a larger mutation probability (Pm) can be used to improve the global 

search ability. These adaptive crossover and mutation probabilities follow Eqs. (12) and (13). 

𝑃c(𝑖) = 𝑚𝑖𝑛𝑃𝑐 +
1

2
(𝑚𝑎𝑥𝑃𝑐 − 𝑚𝑖𝑛𝑃𝑐) (1 + 𝑐𝑜𝑠(𝜋

i

𝐺𝑒𝑛
)) (12) 
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𝑃𝑚(𝑖) = 𝑚𝑖𝑛𝑃𝑚 +
1

2
(𝑚𝑎𝑥𝑃𝑚 − 𝑚𝑖𝑛𝑃𝑚) (1 + 𝑠𝑖𝑛(𝜋

i

𝐺𝑒𝑛
−

𝜋

2
)) (13) 

      Where: Pc(i) is the crossover probability of generation i; Pm(i) is the variation probability 

of generation i; Gen is the total number of iterations; maxPc is the maximum crossover 

probability; minPc is the minimum crossover probability; maxPm is the maximum variation 

probability; minPm is the minimum variation probability. 

3.7  Variable Neighbourhood Search Strategy 

To increase the convergence ability of the algorithm, we designed five variable neighbourhood 

search (VNS) strategies. Five neighbourhood actions NSi {i ∈ (1, 2, 3, 4, 5)} are used separately 

for all individuals X in the population to search in the neighbourhood of solution X to obtain 

five new neighbourhood solutions. Decode the new solution and retain the non-inferior 

solutions among the old and new solutions using non-dominated ordering. The five 

neighbourhood actions are as follows: 

      (1) NS1: Find the enterprise code of the last completed subtask and replace it with the one 

with the smallest processing time among the available enterprises. 

      (2) NS2: Find the enterprise code with the largest processing cost for the corresponding 

subtask and replace it with the one with the smallest processing cost among the available 

enterprises. 

      (3) NS3: Find the enterprise code with the largest processing quality grade for the 

corresponding subtask and replace it with the one with the smallest processing quality grade 

among the available enterprises. 

      (4) NS4: Reverse Sequencing, in which two gene positions are randomly generated and the 

gene segments between the two points are reversed on a task code gene string. 

      (5) NS5: Disrupting the order, in which some gene locations are randomly generated, 

disrupts the order of the genes on these task codes. 

4. NUMERICAL EXPERIMENT 

The INSGA-II algorithm in this paper is programmed using MATLAB 2020, running on CPU 

Intel Core i5-8th Gen and Windows 10 operating system. The population size is N = 300, the 

maximum number of iterations is Gen = 100, the crossover probability range is set to (0.4, 0.8), 

and the mutation probability range is set to (0.01, 0.2). 

4.1  Data generation 

We modified the actual data from a manufacturing platform to generate experimental data that 

meet the problems of this paper (https://pan.baidu.com/s/1099lKY9zxJ7ixxER4UhIGw?pwd 

=n3xu). Where the processing time is simplified to an integer within (2, 8) and the processing 

cost is randomly generated within (10, 30) based on the size of the processing time. The quality 

level is randomly generated in the range (1, 5), and the lower the level, the better the quality. 

The transport time is randomly generated in the range (1, 3) and tried not to be greater than the 

processing time of the task, and the unit transport cost is set to 3. For example, Table II is a 

small set of case data that will be used in the example simulation section. The time unit is an 

hour and the cost unit is yuan. 
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Table II: Case data. 

Processing Time/Processing Cost/Quality Grade Transportation Time/Costs 

Task Subtask M1 M2 M3 M4 M5 M6   M1 M2 M3 M4 M5 M6 

T1 

1 -  -  4/11/3 7/28/3 - -  M1 0/0 2/6 1/3 3/9 2/6 3/9 

2 6/16/1 -  6/24/5 -  6/24/5 5/20/2 M2   0/0 2/6 1/3 1/3 3/9 

3 -  -  -  -  -  8/29/5 M3     0/0 3/9 1/3 1/3 

4 -  -  6/16/5 0/0/0 7/14/3 6/19/2 M4       0/0 3/9 3/9 

T2 

1 -  -  -  8/28/1 -  4/18/1 M5         0/0 2/6 

2 -  -  7/22/4 7/20/4 -  -  M6           0/0 

3 8/17/4 -  6/18/3 6/20/4 -  6/10/4 -  -  -  -  -  -  -  

4 -  7/15/2 8/23/3 7/12/2 -  -  -  -  -  -  -  -  -  

T3 
1 -  -  6/12/1 5/24/5 -  -  -  -  -  -  -  -  -  

2 -  -  -  -  -  4/19/3 -  -  -  -  -  -  -  

3 -  -  7/16/4 8/17/4 6/15/4 5/27/2 -  -  -  -  -  -  -  

T4 

1 -  6/24/1 6/23/1 7/26/5 -  -  -  -  -  -  -  -  -  

2 4/27/1 7/26/1 6/20/1 4/17/4 -  -  -  -  -  -  -  -  -  

3 -  6/19/4 -  4/14/5 4/28/4 -  -  -  -  -  -  -  -  

4 -  -  -  6/14/1 4/22/4 6/19/1 -  -  -  -  -  -  -  

T5 
1 7/20/1 -  4/23/4 0/0/0 4/27/2 7/24/3 -  -  -  -  -  -  -  

2 -  -  -  4/13/2 -  -  -  -  -  -  -  -  -  

4.2  Algorithmic test 

In order to assess the correctness of the model and the superiority of the algorithms, we tested 

five sets of data of different sizes using the two algorithms NSGA-II and INSGA-II, each of 

which was run independently 10 times, and took all the optimal nondominated solutions of the 

10 experiments as the results. Where n is the number of tasks and m is the number of enterprises. 

In the comparative analysis, we list the minimum values of the three objectives obtained by the 

different algorithms for each set of data as well as the Inverse Generation Distance (IGD) metric, 

as shown in Table III. Where IGD is a comprehensive evaluation metric commonly used in 

algorithm performance evaluation [18]. Finally, the Pareto comparison plots of three of the 

algorithms are listed, as shown in Fig. 6. 

Table III: Test results for 5 sets of data. 

Example Size 

(m×n) 

NSGA-II INSGA-II 

T C Q IGD T C Q IGD 

SJ01 10×6 22 598 33 0.0747 21 586 33 0.0106 

SJ02 10×8 28 784 66 0.2416 28 784 66 0.0021 

SJ03 15×8 27 944 71 0.1585 25 880 59 0.0137 

SJ04 15×10 31 1473 127 0.1834 33 1359 99 0.0260 

SJ05 15×15 42 2259 219 0.1779 43 2112 169 0.0029 

 

Figure 6: Pareto chart for 3 sets of data.  
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      In Table III, the bolded indicator values denote the values that are optimal for each set of 

data. It can be seen that INSGA-II takes the optimal value under all five sets of test data except 

for the completion time of SJO5, which indicates that the algorithm not only takes a better 

solution in terms of the objective value but also has better diversity and stronger convergence 

in terms of IGD performance than NSGA-II. Further observation of Fig. 6 clearly shows that 

the solutions of the INSGA-II algorithm basically dominate the solutions of the NSGA-II 

algorithm under the three sets of test data, and the solutions of INSGA-II are more numerous 

and more evenly distributed. This indicates that our algorithm can fully explore the solution 

space and find more and better optimal non-dominated solutions. The above test results prove 

the validity of the model and the superiority of the algorithm in this paper, and this effect is 

achieved because the initialization strategy proposed in this paper accelerates the convergence 

speed of the algorithm, the adaptive strategy enables the algorithm to search the solution space 

more extensively, and the variable neighbourhood search strategy strengthens the algorithm's 

ability to search locally. 

4.3  Example simulation 

We used the small case data in Table II for simulation and obtained the scheduling scheme with 

the minimum completion time under both algorithms, as shown in Fig. 7. In the Gantt chart, 

Tasks 1–10 represent the original production plan, Tasks 11–15 represent the scheduling plan 

after inserting the new tasks into the free capacity, and the blue progress bar represents the 

transport time for each task to be transferred to the next enterprise for production. Where the 

total completion time of the original production plan was 71 hours. As can be seen in the figure, 

in INSGA-II's scheduling scheme, all new tasks are inserted and completed within the cycle of 

the original production plan without affecting the production of the original order or taking up 

capacity in the next cycle. This fully utilizes the free capacity of the enterprise and improves its 

revenue of the enterprise. However, in the NSGA-II scheduling program, many of the new tasks 

were completed beyond the cycle time of the original production plan and took up capacity in 

the next production cycle. This may affect the production schedule of the next cycle and lead 

to the failure of this mission. 

  

Figure 7: Scheduling schemes for NSGA-II and INSGA-II. 

      Further analysis of the capacity utilization under the above two scheduling options is shown 

in Table IV. We take the total completion time of the original production plan as a 

manufacturing cycle. The table analyses the capacity utilization of each enterprise under the 

two algorithms in a cycle when producing according to the original tasks and after adding new 

tasks. Bolded data indicates better values. It can be seen that the use of spare capacity for the 

production of new tasks greatly increases the capacity utilization of each enterprise, which fully 
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reflects the value of capacity sharing. Under the scheduling scheme of INSGA-II, all the 

enterprises except M3 have higher utilization increments than NSGA-II, which indicates that 

our scheduling method can better improve productivity and resource utilization. 

Table IV: Analysis of capacity utilization. 

  M1 M2 M3 M4 M5 M6 

Original tasks 
Utilization time (h) 14 39 44 47 25 26 

Utilization rate (%) 20 % 55 % 62 % 66 % 35 % 37 % 

Addition of new tasks 

(NSGA-II) 

Utilization time (h) 21 39 66 51 25 46 

Utilization rate (%) 30 % 55 % 93 % 72 % 35 % 65 % 

Increase (%) 10 % 0 % 31 % 6 % 0 % 28 % 

Addition of new tasks 

(INSGA-II) 

Utilization time (h) 35 52 63 63 33 53 

Utilization rate (%) 49 % 73 % 89 % 89 % 46 % 75 % 

Increase (%) 30 % 18 % 27 % 23 % 11 % 38 % 

5. CONCLUSIONS 

This paper presents an innovative digital twin model to optimize distributed scheduling for 

multi-enterprise manufacturing systems. The proposed techniques integrate sensor data with 

multi-objective decision making to enhance collaborative scheduling. Customized INSGA-II 

operators and variable neighbourhood search heuristics help discover high-quality solutions. 

Extensive experiments demonstrate the MDIS digital twin model's capabilities in reducing lead 

times, costs and improving asset utilization over conventional approaches. 

      While promising, certain limitations exist. Additional real-world manufacturing data would 

further validate the scalability and test the robustness against uncertainties. Exploring ensemble 

optimization methods with MDIS is another worthwhile direction. This research contributes 

both novel modelling and algorithmic insights for next-generation smart manufacturing. The 

digital twin paradigm provides a powerful and interpretable platform to aid multi-party decision 

making. As global manufacturing ecosystems become increasingly interconnected, such 

optimization capabilities will only grow in importance. 
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