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A B S T R A C T  A R T I C L E   I N F O 
Flexible manufacturing workshops often encounter scheduling challenges due 
to complex processes and cumbersome procedures. To address these issues, a 
dynamic scheduling method is proposed. Initially, a discrete manufacturing 
workshop scheduling problem model is developed, considering the unique 
characteristics of the workshop. Digital Twin technology and a Competitive 
Particle Swarm Optimization algorithm are then integrated to create the 
scheduling model. Finally, Siamese Neural Networks are incorporated to form 
a dynamic scheduling mechanism that optimizes disturbance scheduling. The 
research model demonstrated a quick convergence, efficiently searching for 
the optimal fitness value using both the Sphere and Griewank functions. In the 
scheduling objective function test, the model achieved a maximum completion 
time of 244.8 minutes, the shortest time compared to similar technologies. In 
Siamese Neural Network experiments, the model successfully suppressed the 
influence of disturbances, maintaining optimal scheduling performance. 
Without adjustments for disturbances, the maximum completion time was 
58.5 minutes. After optimization, it decreased to 54.2 minutes. These results 
demonstrate the effective application of the proposed technology in work-
shop scheduling. The findings provide valuable technical insights for the ap-
plication of intelligent technologies in workshop scheduling optimization. 
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1. Introduction 
With the rapid development of digital technology, the global manufacturing industry has entered 
the era of Industry 4.0. The emerged digital twin technology has solved the shortcomings of tra-
ditional manufacturing in workshop control and decision-making [1]. It utilizes the mapping 
relationship between virtual space and physical entity space to achieve data fusion, and uses 
digital twin technology to achieve high-precision management, control, and decision-making in 
industrial manufacturing [2]. In industrial manufacturing, many manufacturing workshops 
commonly face workshop scheduling. Workshop scheduling arranges scheduling plans based on 
process conditions, material quantities, and machine usage to effectively reduce manufacturing 
cost and improve production efficiency. However, in actual manufacturing, a product will go 
through multiple processes, multiple machines, and other processing steps during production 
[3]. Due to the multiple influencing conditions and the susceptibility to external disturbances in 
the manufacturing process, many scheduling decisions in manufacturing workshops are not ide-
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al. Therefore, to solve the scheduling problem in manufacturing workshops, a dynamic schedul-
ing mechanism based on Siamese Network (SN) is proposed. There are two innovations in the 
research. One is the introduced digital twin technology and competitive particle swarm optimi-
zation to construct a data fusion scheduling model, achieving efficient scheduling in the work-
shop. Secondly, SN is introduced to optimize workshop disturbances, and the production effi-
ciency of workshop manufacturing is improved by readjusting scheduling after disturbance. The 
research content will provide technical support for the improvement of workshop scheduling 
and the effective application of digital twin technology. The research has two contributions. 
Firstly, by combining digital twin technology and machine learning technology, a data fusion 
scheduling model was constructed, effectively improving the scheduling efficiency of manufac-
turing workshops and promoting the development of workshop intelligence. The second is to 
study the introduction of twin neural networks to optimize workshop disturbances, significantly 
improving the production efficiency of the workshop in the face of disturbances, and enhancing 
the safety and stability of the manufacturing workshop. 

2. Literature review 
Effective workshop scheduling is beneficial for resource integration and improving the overall 
operational efficiency of the production line. Relevant scholars have conducted extensive re-
search on this. Luo et al. found that multi-resource constrained workshop scheduling faced many 
difficulties. To improve workshop efficiency and scheduling effectiveness, a problem decision 
model based on Markov was designed to represent the numerical state characteristics and relat-
ed constraint relationships of the workshop through mathematical models. The results showed 
that this technology could significantly improve the work efficiency of the workshop. The tech-
nology was superior to similar models [4]. Li et al. found that automatic guided vehicles have 
become an indispensable tool in workshop production. In practical work, their scheduling sys-
tem is unable to handle specific working conditions. A dynamic scheduling technique was pro-
posed in this study, which utilized its characteristics and task requirements to establish a sched-
uling model. The proposed technology was reliable and solved the scheduling problem of auto-
matic guided vehicles in complex environments [5]. Liu et al. found that the automatic tractor in 
current intelligent manufacturing plays a critical role in automated production lines, but it can-
not be effectively integrated into the workshop scheduling system, which affects the efficiency of 
workshop operations. In response to this, a flexible automatic traction vehicle scheduling tech-
nology was proposed. Then, an optimization model was established using an optimized genetic 
algorithm, which was then used to complete scheduling optimization through learning. The re-
sults indicated that the improved technology could effectively improve the scheduling effect of 
the workshop, and its performance was superior to similar scheduling technologies [6]. Zhang et 
al. found that due to various factors such as environment and time constraints, it is difficult for 
carrier-based aircraft to complete maintenance work within an effective time. In response to 
this, an analysis was conducted on its maintenance scheduling. A carrier-based aircraft mainte-
nance scheduling technology considering comprehensive factors was proposed. The improved 
genetic algorithm was used to establish a scheduling model, and the scheduling performance 
was improved through parameter optimization. Experimental tests showed that the proposed 
technology could significantly improve the maintenance effectiveness of carrier-based aircraft. 
The scheduling process was flexible and reliable [7]. 

With the development of deep learning technology, workshop scheduling technology based 
on twin technology has ushered in important development and plays an important role in work-
shop scheduling. Tliba et al. found that production lines faced problems such as low efficiency 
and unreasonable resource utilization in actual management due to factors such as resource and 
workshop allocation. To overcome the above problems, considering the constraints of workshop 
conditions and resource status, a twin driven dynamic scheduling technique based on twin tech-
nology was proposed. In specific scenarios, the proposed technology had good adaptability while 
meeting the constraints, improving the efficiency of workshop scheduling [8]. Huo et al. pro-
posed a dynamic scheduling model based on digital twins and bacterial foraging algorithm to 
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improve the efficiency of production line scheduling. The model allocated and sorted schedules 
based on two sub problems in the scheduling process. Corresponding models were established. 
In the study, a certain mechanical grinding tool production line was selected as an experimental 
case. The technology was applied to the working environment. The results showed that the re-
search technology could optimize the production line scheduling well, with higher efficiency and 
avoiding previous production line interruptions [9]. Peng et al. conducted research on automat-
ed industrial production lines and found that the contradiction between workshop system con-
trol management and execution layer affected industrial manufacturing efficiency. To improve 
the production efficiency of the production line, an intelligent scheduling architecture based on 
digital twin technology was proposed, which combined fuzzy control and deep learning, and 
reflected the impact relationship between different process scheduling through digital modeling. 
Finally, applying it to railway manufacturing workshops could significantly improve the work-
shop resource utilization and enhance the production efficiency of the production line [10]. In 
addition, Khadiri et al. found that solving the dynamic scheduling problem of production lines 
was necessary in intelligent manufacturing to effectively enhance the allocation efficiency and 
manufacturing efficiency of production lines. In this regard, a dynamic workshop scheduling 
system based on distributed holographic architecture and digital twin technology was proposed 
in the research. This technology solved the resource scheduling problem of manufacturing sys-
tems through bidirectional model design, and improved the controllability and control effect of 
the entire workshop [11]. 

According to the above research findings, twin technology can effectively optimize workshop 
scheduling and play a key role in intelligent control of the workshop. Therefore, to improve the 
production efficiency of manufacturing workshops, a smart workshop scheduling technology 
based on digital twin technology is proposed. Through workshop modelling and constraint anal-
ysis, workshop scheduling is improved to enhance the development effect of intelligent manu-
facturing in enterprises. 

3. Research methodology 
3.1 Modelling of discrete manufacturing workshop scheduling problem 
To improve the workshop scheduling efficiency in manufacturing workshops, a SN-based manu-
facturing workshop scheduling model is built to promote the rapid development of the manufac-
turing industry [12]. The framework of workshop scheduling optimization technology based on 
SN is shown in Fig. 1. 

In workshop scheduling based on twin networks, the first step is to clarify the workshop 
scheduling problem, followed by data fusion to determine the flow information mode. Finally, 
the scheduling model is established to solve the manufacturing workshop scheduling problem 
[13]. In specific discrete manufacturing workshops, Job-shop Scheduling Problem (JSP) is actual-
ly a production process priority decision-making process, in which multiple single projects are 
decomposed and scheduled [14]. The shortest allocation time is sought to complete production 
tasks in a limited resource environment [15]. Therefore, based on the scheduling characteristics 
of the manufacturing workshop, 𝑂𝑂𝑖𝑖𝑖𝑖 is the 𝑝𝑝-th process of workpiece i . The objective function is 
set to 𝑓𝑓, which will be represented as Eq. 1. 

𝑓𝑓 = 𝑚𝑚𝑚𝑚𝑚𝑚 �𝑚𝑚𝑚𝑚𝑚𝑚�𝐶𝐶𝑖𝑖𝑖𝑖�� (1) 

In Eq. 1, 𝐶𝐶𝑖𝑖𝑖𝑖 represents the completion time of the 𝑝𝑝-th process of workpiece 𝑖𝑖 in the produc-
tion workshop. In the specific production scheduling process, there may be differences in the 
selection of optimization indicators based on enterprise plans, actual inventory materials, and 
process characteristics, but the priority goal is basically to complete tasks in the shortest possi-
ble time. At the same time, in manufacturing tasks, it is necessary to carry out according to the 
relevant requirements of the task, so corresponding workshop scheduling constraints need to be 
met [16]. One is that a certain process in manufacturing matches a unique production machine, 
and the machine can only operate on specific processes. Therefore, its constraint is shown in Eq. 
2 [17]. 
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Fig. 1 Framework of workshop scheduling optimization technology based on SN 
 

�𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖

𝐽𝐽

𝑘𝑘=1

= 1, 𝑖𝑖 = 1,2,⋯ ,𝑁𝑁,𝑝𝑝 = 1,2,⋯𝐽𝐽 (2) 

In Eq. 2, 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖  represents the operational status of process 𝑂𝑂𝑖𝑖𝑖𝑖 on production machine 𝑘𝑘. 𝑁𝑁 
represents the number of workpieces. 𝐽𝐽 represents the number of workpieces. In addition, in 
actual production, each machine needs to complete the previous task process before proceeding 
to the next task. The second constraint expression is shown in Eq. 3. 

𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄(𝑖𝑖+1) 𝑝𝑝𝑝𝑝, 𝑖𝑖 = 1,2,⋯ ,𝑁𝑁,𝑝𝑝 = 1,2,⋯𝐽𝐽,𝑘𝑘 = 1,2,⋯ ,𝑚𝑚𝑝𝑝 (3) 

In Eq. 3, 𝑄𝑄(𝑖𝑖+1) 𝑝𝑝𝑝𝑝 represents the next starting time of process 𝑂𝑂𝑖𝑖𝑖𝑖 on production machine 𝑘𝑘. 
𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 represents the completion time of process 𝑂𝑂𝑖𝑖𝑖𝑖 on production machine 𝑘𝑘, 𝑚𝑚𝑝𝑝 represents the 
number of production machines. In addition, each workpiece in the manufacturing workshop 
also needs to complete the previous process before proceeding to the next task. The third con-
straint expression is shown in Eq. 4. 

𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄𝑖𝑖( 𝑝𝑝+1)𝑘𝑘, 𝑖𝑖 = 1,2,⋯ ,𝑁𝑁,𝑝𝑝 = 1,2,⋯𝐽𝐽,𝑘𝑘 = 1,2,⋯ ,𝑚𝑚𝑝𝑝 (4) 

In Eq. 4, 𝑄𝑄𝑖𝑖(𝑝𝑝+1)𝑘𝑘 represents the start time of the next process in the production machine. The 
entire manufacturing workshop scheduling optimization process is shown in Fig. 2. 

According to the workshop scheduling process in Fig. 2, the workshop scheduling problem 
needs to start from the manufacturing process path. Under the constraints of manufacturing, the 
manufacturing process is optimized to achieve the minimum task time. 
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Fig. 2 Manufacturing workshop scheduling optimization process 

3.2 Construction of data fusion scheduling model based on digital twins 

The previous section analyses the scheduling problem in discrete workshops. In actual produc-
tion in discrete workshops, due to the characteristics of product attributes, multiple process 
information needs to be analysed in manufacturing, resulting in heterogeneous data and difficul-
ty in scheduling solution [18]. To address this issue, the research needs to describe complex 
production problems as similar feature problems. This study introduces digital twin technology 
for data fusion and uses an improved Competitive Swarm Optimizer (CSO) to solve it. The digital 
model of the workshop based on digital twin technology is shown in Fig. 3. 

 

Fig. 3 Digital twin workshop digital model 
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From Fig. 3, digital twin technology has established a connection between virtual workshops 
and physical manufacturing workshops and achieved control and management of workshop 
production and manufacturing through interaction and mapping [19]. Therefore, it is used in the 
study to integrate multi-source information from manufacturing workshops, providing a founda-
tion for subsequent scheduling solutions. In the digital twin manufacturing workshop, in order 
to describe the virtual real control relationship of the workshop, the initial three-dimensional 
coordinates and the adjusted three-dimensional coordinates are defined as. P and p′ respective-
ly, as expressed in Eq. 5. 

�
𝑃𝑃 = (𝑥𝑥,𝑦𝑦, 𝑧𝑧)
𝑃𝑃′ = (𝑥𝑥′,𝑦𝑦′, 𝑧𝑧′) (5) 

In Eq. 5, 𝑥𝑥, 𝑦𝑦 and 𝑧𝑧 are the initial coordinate parameters. 𝑥𝑥′, 𝑦𝑦′ and 𝑧𝑧′ represent the coordi-
nate parameters after movement. According to the coordinate parameters. Multiplying 𝑃𝑃′ with 
the four-dimensional coordinate (𝑥𝑥,𝑦𝑦, 𝑧𝑧, 1) can calculatea three-dimensional model action 
change matrix, as shown in Eq. 6.  

𝑃𝑃′ = 𝑃𝑃𝑃𝑃 = (𝑥𝑥,𝑦𝑦, 𝑧𝑧1)

⎣
⎢
⎢
⎡
𝑏𝑏11 𝑏𝑏12 𝑏𝑏13 𝑝𝑝𝑥𝑥
𝑏𝑏21 𝑏𝑏22 𝑏𝑏23 𝑝𝑝𝑦𝑦
𝑏𝑏31 𝑏𝑏32 𝑏𝑏33 𝑝𝑝𝑧𝑧
𝑡𝑡𝑥𝑥 𝑡𝑡𝑦𝑦 𝑡𝑡𝑧𝑧 𝑠𝑠 ⎦

⎥
⎥
⎤
 (6) 

In Eq. 6, 𝑡𝑡𝑥𝑥 , 𝑡𝑡𝑦𝑦 and 𝑡𝑡𝑧𝑧 represent the three-dimensional coordinate translation parameters. 
𝑝𝑝𝑥𝑥 ,𝑝𝑝𝑦𝑦 and 𝑝𝑝𝑧𝑧 represent the perspective projection transformation matrix ine three-dimensional 
space, with three parameters serving as projection midpoints. The 9 parameters, including 𝑏𝑏11 
and 𝑏𝑏12 , are coordinate transformation matrix parameters responsible for model scaling and 
rotation. s represents the integer scaling coefficient in the three-dimensional model which main-
ly controls the scaling size of the model in three-dimensional space. The twin manufacturing 
workshop information model is shown in Fig. 4. 

 

Fig. 4 Twin workshop information model 

 
In the twin workshop, the information features that need to be extracted include labour, ma-

terials, equipment, production environment, and production knowledge. Based on this, key data 
for information fusion is constructed, as shown in Eq. 7 [20]. 

𝐷𝐷𝐷𝐷 = 𝐷𝐷𝑇𝑇𝑐𝑐𝑐𝑐 ∪ 𝐷𝐷𝑇𝑇𝑝𝑝𝑝𝑝 ∪ 𝐷𝐷𝑇𝑇𝑝𝑝𝑝𝑝 ∪ 𝐷𝐷𝑇𝑇𝑐𝑐𝑐𝑐 ∪ 𝐷𝐷𝑇𝑇𝑘𝑘𝑘𝑘 (7) 

In Eq. 7, 𝐷𝐷𝑇𝑇𝑒𝑒𝑒𝑒 represents device information. 𝐷𝐷𝑇𝑇𝑝𝑝𝑝𝑝 represents material information. 𝐷𝐷𝑇𝑇𝑝𝑝𝑝𝑝 rep-
resents personnel information. 𝐷𝐷𝑇𝑇𝑒𝑒𝑒𝑒 represents environmental information. 𝐷𝐷𝑇𝑇𝑘𝑘𝑘𝑘 represents 
production knowledge information. Among them, 𝐷𝐷𝑇𝑇𝑘𝑘𝑘𝑘 information contains the entire work-
shop workpiece processing process information, which needs to be optimized starting from it. 
After obtaining the fused data, an improved CSO model is used to solve the scheduling problem. 
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CSO is a search algorithm derived from particle swarm optimization without memory, which has 
excellent optimization performance and strong convergence. CSO selects the optimal individual 
through competitive relationships. The CSO algorithm is updated, as shown in Eq. 8. 

𝜈𝜈1(𝑡𝑡 + 1) = 𝑅𝑅1𝜈𝜈1(𝑡𝑡) + 𝑅𝑅2[𝑥𝑥𝑤𝑤(𝑡𝑡)− 𝑥𝑥𝑡𝑡(𝑡𝑡)] + 𝜑𝜑𝑅𝑅3[𝑥𝑥(𝑡𝑡) − 𝑥𝑥𝑡𝑡(𝑡𝑡)] (8) 
In Eq. 8, 𝑥𝑥𝑤𝑤(𝑡𝑡) represents the dimensional vector of the winning individual after 𝑡𝑡 rounds of 

competition. 𝑥𝑥𝑡𝑡(𝑡𝑡) is the dimension vector of the failed individual. 𝑥𝑥(𝑡𝑡) represents the random 
position value of individuals competing 𝑡𝑡 times. 𝑅𝑅1 , 𝑅𝑅2 and 𝑅𝑅3 are all representative interval 
distributed random vectors. 𝜑𝜑 represents updated the influencing parameters. 𝜈𝜈1(𝑡𝑡) represents 
the updated strategy. In CSO updates, population diversity is improved by half updating, but it 
can easily lead to a decrease in inter population searchability. Therefore, two encoding segments 
are introduced to improve CSO. Among them, circular and cross topology structures are added to 
the positions of the winning individuals, and the top 20 % of individuals are selected for neigh-
borhooc search to improve the overall optimization performance of the model. In addition, it is 
also considering that the circular topology structure allows encoding adjacent individuals to be 
connected to each other. But the expansion of the radius slows down information transmission 
and limit information sharing. Therefore, a Precedence Operation Crossover (POX) algorithm is 
adopted to integrate into the circular structure. Individuals and adjacent excellent individuals 
are selected as the subsequent crossover parents, and excellent individuals are selected from the 
iterative offspring to replace the current individual, achieving model improvement [21]. The 
crossover probability is shown in Eq. 9.  

𝑝𝑝𝑐𝑐 = 𝑝𝑝0 ×
𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 − 𝑡𝑡𝑟𝑟
𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

 (9) 

In Eq. 9, 𝑝𝑝0 represent the initial values, while 𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 denotes the maximum iteration, and 𝑡𝑡𝑟𝑟 
represents the current iteration count. 

3.3 Modelling of workshop dynamic scheduling mechanism based on SN 

In actual manufacturing workshops, different processes can lead to problems such as overlap-
ping and scheduling errors in a certain link. To solve this problem, a workshop dynamic schedul-
ing mechanism based on SN is proposed to address the scheduling disturbances in manufactur-
ing workshops. SN is a coupled deep learning framework composed of multiple identical struc-
tures. The core of the SN is to use multiple sub networks to simultaneously train and compare 
parameter similarities and differences [22]. Based on this study, SN network is used to identify 
abnormal disturbances between physical and virtual workshops in digital twins. Cumulative 
disturbances are determined, and scheduling is adjusted by mining historical workshop data. At 
the same time, the impact of updated scheduling on actual workshop manufacturing is com-
pared. Continuous iterations are repeated to approach the optimal workshop scheduling, achiev-
ing workshop scheduling disturbance optimization [23]. In the study, the loss function of the SN 
network is selected as Binary Cross Entropy, which has better stability, as displayed Eq. 10. 

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑦𝑦𝑜𝑜, 𝑡𝑡𝑟𝑟) = −[𝑡𝑡𝑟𝑟log(𝑦𝑦𝑜𝑜) + (1 − 𝑡𝑡𝑟𝑟)log(1 − 𝑦𝑦𝑜𝑜)] (10) 
In Eq. 10, 𝑡𝑡𝑟𝑟 represents the label, while 𝑦𝑦𝑜𝑜 denotes network output. In the sub networks of SN, 

Visual Geometry Group (VGG) has excellent application effects in the field of image feature pro-
cessing. Therefore, with the help of VGG features, 3 × 1 convolution is introduced to design the 
sub network. At the same time, the Sigmoid function is selected as the network activation func-
tion, which has excellent performance in handling binary classification problems and is more 
advantageous for handling features with obvious differences, meeting the requirements of digi-
tal twin feature data processing. Therefore, the Sigmoid function is expressed as shown in Eq. 
11. 

𝑓𝑓(𝑥𝑥) =
1

1 + 𝑒𝑒−𝑥𝑥
 (11) 

When processing data that is too large or too small, SN is prone to gradient vanishing prob-
lems, which can affect network training. Therefore, Batch Normalization (BN) is applied to ad-
dress gradient vanishing problems. Increasing the BN layer after each convolution improves the 
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training speed of the network. The BN layer transformation is shown in Eq. 12. 

�
𝑥𝑥�(𝑖𝑖) =

𝑥𝑥′ − 𝐸𝐸�𝑥𝑥(𝑖𝑖)�
�𝑉𝑉𝑉𝑉𝑉𝑉[𝑥𝑥(𝑖𝑖)]

𝑦𝑦(𝑖𝑖) = 𝛾𝛾(𝑖𝑖)𝑥𝑥�(𝑖𝑖) + 𝛽𝛽(𝑖𝑖)

 (12) 

In Eq. 12, 𝐸𝐸�𝑥𝑥(𝑖𝑖)� represents the mean, while �𝑉𝑉𝑉𝑉𝑉𝑉[𝑥𝑥(𝑖𝑖)] represents the standard deviation. 
𝛾𝛾(𝑖𝑖) corresponds to the learning scaling parameters, and 𝛽𝛽(𝑖𝑖) represents the offset parameter. 
𝑦𝑦(𝑖𝑖) is the output of neurons, and 𝑥𝑥(𝑖𝑖) is the input vector. Finally, 𝑥𝑥�(𝑖𝑖) represents transformed 
input vector. To enhance the ability of the SN model to extract workshop feature data, the study 
employs a double-layer VGG convolutional network structure. This includes various layers such 
as activation and pooling layers, designed for extracting features that capture differences in twin 
workshop information. Multiple similar structures are combined to form the SN model. The SN 
structure is shown in Fig. 5 [24].  

After constructing the SN, it is necessary to select important feature data from the digital twin 
system as the output of the SN, such as processing time, production machine processes, process 
constraints, etc. Therefore, Table 1 data are taken as status characteristics. 

 

Fig. 5 SN sub network structure 

Table 1 Status characteristics of digital twin manufacturing workshop 
Signature sequence Characterization 
1 The total duration of workpiece processing 
2 The number of processes in which the workpiece has been processed 
3 The number of idle workpieces in the workshop 
4 Number of idle machines in the workshop 
5 The number of processes that the machine has not yet processed 
6 The number of machines being processed in the workshop 
7 The total duration of machine processing 
8 Total idle time of the machine 
9 The number of processes where the workpiece has not been processed yet 
10 Number of processes for the workpiece 
11 The number of processes to be processed by the machine 
12 The machine number of the workpiece being processed 
13 Total idle time of workpieces 
14 The number of processes already processed by the machine 

The min-max standard is used to preprocess selected data and improve the accuracy of net-
work training. In actual training, if the SN output label is selected based on the accumulated dis-
turbance time point, the output label of the data state before the accumulated disturbance is 
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determined to be 0. The output label of the data state after the accumulated disturbance point is 
determined to be 1. In addition, for traditional manufacturing workshops with a single schedul-
ing rule, SN cannot provide good scheduling decisions. Therefore, a pseudo-SN is added to the 
SN to learn features, which simplifies the structural process, uses simplified convolutions as sub 
networks, and mines the mapping relationship between processes and machine scheduling. The 
connection layer of the network achieves feature fusion through concatenation, followed by the 
simplified double convolution to enhance feature extraction. Through the above research, the 
dynamic scheduling mechanism for manufacturing workshops is completed. 

4. Results and discussion 
4.1 Experimental analysis of workshop scheduling effect 

To test the manufacturing workshop scheduling technology, corresponding experiments are 
conducted to verify the reliability of the technology. Firstly, the experimental environment is 
built. In the experiment, a flexible workshop for electrical manufacturing is taken as the research 
object. The workshop has a total of 26 production and manufacturing processes, several ma-
chines, and 6 workpieces. The workshop scheduling solution adopts an improved COS model 
and a SN scheduling mechanism to solve the dynamic scheduling disturbance problem caused by 
the accumulation of hidden disturbances in the workshop. In the digital twin workshop, the im-
proved CSO algorithm is set to have 100 iterations, a population size of 60, and a crossover rate 
of 0.8. Simultaneously, the Genetic Optimization-Particle Swarm Optimization Algorithm (GA-
PSO) and standard CSO algorithm are introduced for comparison. Sphere function and Griebank 
function are taken to test the performance of different scheduling models, as shown in Fig. 6. 

 

Fig. 6 Comparison of optimization performance of different scheduling models 

Fig. 6(a) and 6(b) show the optimization test results of Sphere function and Griebank func-
tion, respectively. According to the test results, the improved CSO converged faster and was 
closer to the optimal value of the function compared with GA-PSO and CSO. In the Sphere func-
tion, the improved CSO converged 9 times, achieving an optimal fitness value of 0.025. In com-
parison, the GA-PSO converged 18 times, with a final fitness value of 0.156, while the standard 
CSO converged 38 times, reaching an optimal fitness value of 0.186. In the Griebank function, the 
improved CSO still performed better, with a 5.38 % and 11.25 % improvement in optimization 
ability compared with GA-PSO and CSO.  

Next, the training results of the objective function for different scheduling models are shown 
in Fig. 7. This figure shows the results of solving scheduling objectives for different scheduling 
models. The standard CSO scheduling model performed the worst overall. According to the test 
curve, although the standard CSO model had an advantage in population diversity in the early 
stages of training, its search performance decreased in the later stages of training, and the model 
fell into local convergence. Its maximum completion time was ultimately 264.5 minutes. In con-
trast, GA-PSO had better optimization performance and convergence effect, but due to the influ-
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ence of genetic algorithm parameters, premature convergence phenomenon occurred when pro-
cessing high-dimensional data. Its maximum completion time was 249.2 minutes, which was 
better than the standard CSO model. The overall best performance is the improved CSO model, 
with a final target value of 244.8 minutes. It enhances the information communication between 
individuals through neighbourhood structure, avoids local optima, and has more advantages in 
convergence. Next, the scheduling Gantt chart results of different models are compared, as 
shown in Fig. 8. 

 

Fig. 7 Results of solving scheduling objectives for different scheduling models 

 

Fig. 8 Optimal Gantt chart results for different scheduling models 

Fig. 8(a) shows the optimal result of the CSO Gantt chart. The number of processing machines 
under CSO training was 9, the number of processed workpieces was 6, and convergence was 
achieved after 84 iterations. The average processing time for a single workpiece was 59.2 
minutes. Fig. 8 shows the optimal result of the GA-PSO Gantt chart. GA-PSO scheduling optimiza-
tion was better. The processing machine consisted of 8 units and processed 6 workpieces. It 
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converged after 85 iterations, with an average processing time of 55.25 minutes for a single 
workpiece. Fig. 8(c) shows the optimal result of the improved CSO Gantt chart, which converged 
after 82 iterations. The number of processing machines was 8, the number of processed work-
pieces was 6, and the average processing time for a single workpiece was 52.2 minutes. 

4.2 Experimental analysis of workshop scheduling based on SN 

To test the application effect of SN in scheduling rules, the improved CSO model scheduling re-
sults are selected as a case study for analysis. Among them, there are 26 workshop processes, 8 
machines, and 6 workpieces. In the experiment, the convolution kernel of the SN is set to 3 1× , 
with 5 feature extraction units, a sliding step size of 2, and an optimizer of Adam. In the experi-
ment, the process code is set as K, the workpiece code is C, and the mechanical code is D. Table 2 
shows the corresponding machining machine information for the manufacturing and processing 
process of this electrical appliance. 

Table 2 Electrical manufacturing and processing information of a manufacturing workshop (Time/h) 
Workpiece C1 C2 C3 
Production processes K11 K12 K13 K14 K15 K21 K22 K23 K31 K32 K33 K34 K35 
D1 - 18 - - 15 - 8 16 - - 9 - 3 
D2 12 - - 11 - - - 7 - - - 12 - 
D3 - - 14 - - 12 - - - 12 - - - 
D4 - 19 9 - 8 19 9 - 11 18 15 - 4 
D5 14 - - 0.9 - 14 - - 10 - 0: 7 - - 
D6 - - 17 - - - - 9 - - - 5 8 
D7 20 11 - - - - 15 - - 14 - - - 
D8 - - - 12 18 - - - 13 - - 9 - 
Workpiece C4 C5 C6 
Production processes K41 K42 K43 K44 K51 K52 K53 K61 K62 K63 K64 K65 K66 
D1 - - - 6 - - 9 - 8 - 5 - 19 
D2 19 - 11 - - 18 - 11 - - - 11 - 
D3 - 8 - - - - 12 - - 11 - - - 
D4 - - 8 - 22 - - - - - 15 - 7 
D5 7 11 - - - 11 - - 6 17 - - - 
D6 - - - - 12 - - 9 - - - 8 15 
D7 13 - 18 14 17 - - 14 - - 7 - - 

 
The scheduling results in Table 2 are obtained from the training of the improved CSO sched-

uling model. In the improved CSO model, the planned completion time was 52.2 min. The dis-
turbance was added in the subsequent experiments to simulate the disturbance of different pro-
cess abnormal states in scheduling. The scheduling data are input into the digital twin schedul-
ing system and 21.2 min perturbations are added. Whether the system disturbance has been 
triggered is checked, as shown in Fig. 9. This figure shows the results of the disturbance effect 
test. According to the results, disturbance is added at 24.1 minutes of scheduling, as indicated by 
the red line in Fig. 9(b). Compared with the simulated output value of 0.523 at 24.1 minutes in 
Fig. 9(c), it exceeded the system's specified disturbance standard value of 0.5, indicating success-
ful triggering. Next, the effect of different models on post disturbance scheduling adjustment is 
compared. 

The disturbance time point is 37.1 min, and the results are shown in Fig. 10. Fig. 10(a) to 
10(d) show the original scheduled scheduling, perturbed unadjusted scheduling, pseudo-SN 
scheduling, and SN scheduling, respectively. According to the test results, the original work-
shop's planned completion time for the workpiece was 52.2 minutes. After disturbance, its max-
imum completion time in its unadjusted state became 58.5 minutes. After using pseudo-SN and 
SN for disturbance adjustment, the maximum completion time of both models was adjusted to 
56.4 minutes and 54.2 minutes, respectively. Both models improved the scheduling deviation 
after disturbance, while the SN performed the best, reducing the unadjusted state time by 4.3 
minutes, which was better than the pseudo-SN's 2.1 minutes. The SN dynamic scheduling mech-
anism can effectively suppress disturbances and meet the scheduling requirements of the manu-
facturing workshop.  
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Fig. 9 Disturbance trigger test 

 

Fig. 10 Scheduling effects of different models after adding perturbations 

 
In addition, studying the same process and increasing complexity to compare the effects of 

different technologies is shown in Table 3. This table shows the scheduling situation in complex 
scenarios, with each scenario repeated three times. According to the results, the overall perfor-
mance of SN scheduling is better, with a typical mid-term disturbance time of 55.6 minutes, 
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pseudo-SN time of 57.5 minutes, and the original scheduling time of 60.5 minutes. In more com-
plex repeated disturbances, the pseudo-SN has a large deviation from the original scheduling 
time, while the SN scheduling time is the shortest and the three times of time are close. From 
this, it can be seen that SN scheduling also has excellent performance and better stability in 
more complex scenarios. 

Table 3 Time consumption for scheduling more complex scenarios 
Scheduling scenario Experiment 

number 
Original scheduling 
(min) 

Pseudo-SN scheduling 
(min) 

SN scheduling 
(min) 

General disturbance 1 60.5 57.5 55.6 
2 61.2 58.6 56.4 
3 60.8 57.8 55.4 

Mild disturbance 4 71.3 66.5 61.2 
5 70.2 67.2 60.3 
6 72.5 66.9 61.2 

Repeated disturbances 
multiple times 

7 112.5 91.2 76.5 
8 109.5 95.2 78.5 
9 110.5 94.5 77.5 

5. Conclusion 
With the rapid development of digital industrialization, intelligent and automated manufactur-
ing has become the key to the transformation of traditional manufacturing industry. However, in 
actual manufacturing workshops, many enterprises face insufficient workshop scheduling. To 
solve this problem, an intelligent scheduling mechanism was proposed based on a flexible pro-
duction workshop. Firstly, the characteristics of workshop scheduling were analysed to con-
struct a scheduling problem model. Considering the data scheduling and solving in discrete 
workshops, this study introduced an improved CSO algorithm based on digital twin technology 
to construct a scheduling model. Finally, the SN was introduced to construct a dynamic schedul-
ing mechanism for manufacturing workshops, optimizing workshop scheduling disturbances. In 
the Griewank function scheduling performance test, the improved CSO showed a 5.38 % and 
11.25 % improvement in optimization ability compared with GA-PSO and CSO, respectively. In 
the training of the objective function of the scheduling model, the maximum completion time of 
the improved CSO was 244.8 minutes, which was better than the 264.5 minutes and 249.2 
minutes of CSO and GA-PSO. In the SN scheduling experiment, a disturbance was set at 37.1 
minutes, and the maximum completion time of the SN after disturbance optimization was 54.2 
minutes, while the pseudo-SN was 56.4 minutes. Compared with the unadjusted state of the dis-
turbance, the maximum completion time of the SN was reduced by 4.3 minutes, and the optimi-
zation effect was the best. The workshop scheduling technology has good application effects. 
However, there are also shortcomings in the research. Due to the complexity of discrete work-
shop scheduling, only the shortest completion time is considered as the sole objective. In the 
future, cost, equipment load and other objectives can be considered to improve the practical 
application effect of the technology. 

Acknowledgement 
This project is funded by the 2024 Guangdong Provincial Education and Science Planning Project (Higher Education 
Special Project), specifically titled "Research on a New Industry-Education Integration Model Driven by the Integra-
tion of Digital and Practical Elements" (2024GXJK137). 

Reference 
[1] Tliba, K., Diallo, T.M.L., Penas, O., Penas, O., Khalifa, R.B., Yahia, N.B., Choley, J.-Y. (2023). Digital twin-driven dy-

namic scheduling of a hybrid flow shop, Journal of Intelligent Manufacturing, Vol. 34, No. 5, 2281-2306, doi: 
10.1007/s10845-022-01922-3. 

https://doi.org/10.1007/s10845-022-01922-3
https://doi.org/10.1007/s10845-022-01922-3


Weng 
 

314 Advances in Production Engineering & Management 19(3) 2024 
 

[2] Barnhart, C., Bertsimas, D., Delarue, A., Yan, J. (2021). Course scheduling under sudden scarcity: Applications to 
pandemic planning, Manufacturing & Service Operations Management, Vol. 24, No. 2, 727-745, doi: 10.1287/ 
msom.2021.0996. 

[3] Zhang, R., Lv, J., Bao, J., Zheng, Y. (2023). A digital twin-driven flexible scheduling method in a human-machine 
collaborative workshop based on hierarchical reinforcement learning, Flexible Services and Manufacturing Jour-
nal, Vol. 35, 1116-1138, doi: 10.1007/s10696-023-09498-7. 

[4] Luo, P.C., Xiong, H.Q., Zhang, B.W., Peng, J.Y., Xiong, Z.F. (2022). Multi-resource constrained dynamic workshop 
scheduling based on proximal policy optimisation, International Journal of Production Research, Vol. 60, No. 19, 
5937-5955, doi: 10.1080/00207543.2021.1975057. 

[5] Li, Z., Sang, H., Pan, Q., Gao, K., Han, Y., Li, J. (2022). Dynamic AGV scheduling model with special cases in matrix 
production workshop, IEEE Transactions on Industrial Informatics, Vol. 19, No. 6, 7762-7770, doi: 10.1109/ 
TII.2022.3211507. 

[6] Liu, Q., Wang, N., Li, J., Ma, T., Li, F., Gao, Z. (2023). Research on flexible job shop scheduling optimization based 
on segmented AGV, Computer Modeling in Engineering & Sciences, Vol. 134, No. 3, 2073-2091, doi: 10.32604/ 
cmes.2022.021433. 

[7] Zhang, Y., Li, C., Su, X., Cui, R., Wan, B. (2023). A baseline-reactive scheduling method for carrier-based aircraft 
maintenance tasks, Complex & Intelligent Systems, Vol. 9, 367-397, doi: 10.1007/s40747-022-00784-9. 

[8] Sun, Z.Y., Han, W.M., Gao, L.L. (2023). Real-time scheduling for dynamic workshops with random new job inser-
tions by using deep reinforcement learning, Advances in Production Engineering & Management, Vol. 18, No. 2, 
137-151, doi: 10.14743/apem2023.2.462. 

[9] Tliba, K., Diallo, T.M.L., Penas, O., Khalifa, R.B., Yahia, N.B., Choley, J.-Y. (2023). Digital twin-driven dynamic 
scheduling of a hybrid flow shop, Journal of Intelligent Manufacturing, Vol. 34, 2281-2306, doi: 10.1007/ s10845-
022-01922-3. 

[10] Huo, L., Wang, J.Y. (2022). Flexible job shop scheduling based on digital twin and improved bacterial foraging, 
International Journal of Simulation Modelling, Vol. 21, No. 3, 525-536, doi: 10.2507/IJSIMM21-3-CO14. 

[11] Peng, F., Zheng, L. (2023). An improved multi-objective Wild Horse optimization for the dual-resource-
constrained flexible job shop scheduling problem: A comparative analysis with NSGA-II and a real case study, 
Advances in Production Engineering & Management, Vol. 18, No. 3, 271-287, doi: 10.14743/ apem2023.3.472. 

[12] Peng, F., Zheng, L. (2023). Fuzzy rule-based neural network for high-speed train manufacturing system schedul-
ing problem, Neural Computing and Applications, Vol. 35, 2077-2088, doi: 10.1007/s00521-022-07190-9. 

[13] Khadiri, H., Sekkat, S., Herrou, B. (2023). Digital Twin Based SUDIHA architecture to smart shopfloor scheduling, 
Journal of Manufacturing and Materials Processing, Vol. 7, No. 3, Article No. 84, doi: 10.3390/jmmp7030084. 

[14] Yang, S.L., Wang, J.Y., Xin, L.M., Xu, Z.G. (2022). Verification of intelligent scheduling based on deep reinforcement 
learning for distributed workshops via discrete event simulation, Advances in Production Engineering & Man-
agement, Vol. 17, No. 4, 401-412, doi: 10.14743/apem2022.4.444. 

[15] Zhou, Z., Xu, L., Ling, X., Zhang, B. (2024). Digital-twin-based job shop multi-objective scheduling model and 
strategy, International Journal of Computer Integrated Manufacturing, Vol. 37, No. 1-2, 87-107, doi: 10.1080/ 
0951192X.2023.2204475. 

[16] Nie, Q., Tang, D., Zhu, H., Sun, H. (2022). A multi-agent and internet of things framework of digital twin for opti-
mized manufacturing control, International Journal of Computer Integrated Manufacturing, Vol. 35, No. 10-11, 
1205-1226, doi: 10.1080/0951192X.2021.2004619. 

[17] Negri, E., Cattaneo, L., Pandhare, V., Macchi, M., Lee, J. (2022). Integrating PHM into production scheduling 
through a Digital Twin-based framework, IFAC-PapersOnLine, Vol. 55, No. 19, 31-36, doi: 10.1016/j.ifacol.2022. 
09.180. 

[18] Wan, J. (2022). Demand prediction and optimization of workshop manufacturing resources allocation: A new 
method and a case study, Advances in Production Engineering & Management, Vol. 17, No. 4, 413-424, doi: 
10.14743/apem2022.4.445. 

[19] Yin, Y., Feng, J., Yi, B., Li, W., Yin, Q. (2024). Visual monitoring system of digital twin workshop for process manu-
facturing, Journal of System Simulation, Vol. 36, No. 1, 120-130, doi: 10.16182/j.issn1004731x.joss.22-1006. 

[20] Tang, Q., Wu, B. (2024). A digital twin-driven multi-resource constrained location system for resource allocation, 
The International Journal of Advanced Manufacturing Technology, Vol. 130, No. 9, 4359-4385, doi: 10.1007/ 
s00170-023-12886-w. 

[21] Rožanec, J.M., Lu, J., Rupnik, J., Škrjanc, M., Mladenić, D., Fortuna, B., Zheng, X., Kiritsis, D. (2022). Actionable cog-
nitive twins for decision making in manufacturing, International Journal of Production Research, Vol. 60, No. 2, 
452-478, doi: 10.1080/00207543.2021.2002967. 

[22] Wang, Y., Jiang, Z., Wu, Y. (2022). Model construction of material distribution system based on digital twin, The 
International Journal of Advanced Manufacturing Technology, Vol. 121, 4485-4501, doi: 10.1007/ s00170-022-
09636-9. 

[23] Serrano-Ruiz, J.C., Mula, J., Poler, R. (2022). Development of a multidimensional conceptual model for job shop 
smart manufacturing scheduling from the Industry 4.0 perspective, Journal of Manufacturing Systems, Vol. 63, 
185-202, doi: 10.1016/j.jmsy.2022.03.011. 

[24] Yang, J., Lin, F., Chakraborty, C., Yu, K., Guo, Z., Nguyen, A.-T., Rodrigues, J.J.P.C. (2023). A parallel intelligence-
driven resource scheduling scheme for digital twins-based intelligent vehicular systems, IEEE Transactions on 
Intelligent Vehicles, Vol. 8, No. 4, 2770-2785, doi: 10.1109/TIV.2023.3237960. 

https://doi.org/10.1287/msom.2021.0996
https://doi.org/10.1287/msom.2021.0996
https://doi.org/10.1007/s10696-023-09498-7
https://doi.org/10.1080/00207543.2021.1975057
https://doi.org/10.1109/TII.2022.3211507
https://doi.org/10.1109/TII.2022.3211507
https://doi.org/10.32604/cmes.2022.021433
https://doi.org/10.32604/cmes.2022.021433
https://doi.org/10.1007/s40747-022-00784-9
https://doi.org/10.14743/apem2023.2.462
https://doi.org/10.1007/s10845-022-01922-3
https://doi.org/10.1007/s10845-022-01922-3
https://doi.org/10.2507/IJSIMM21-3-CO14
https://doi.org/10.14743/apem2023.3.472
https://doi.org/10.1007/s00521-022-07190-9
https://doi.org/10.3390/jmmp7030084
https://doi.org/10.14743/apem2022.4.444
https://doi.org/10.1080/0951192X.2023.2204475
https://doi.org/10.1080/0951192X.2023.2204475
https://doi.org/10.1080/0951192X.2021.2004619
https://doi.org/10.1016/j.ifacol.2022.09.180
https://doi.org/10.1016/j.ifacol.2022.09.180
https://doi.org/10.14743/apem2022.4.445
https://doi.org/10.14743/apem2022.4.445
https://doi.org/10.16182/j.issn1004731x.joss.22-1006
https://doi.org/10.1007/s00170-023-12886-w
https://doi.org/10.1007/s00170-023-12886-w
https://doi.org/10.1080/00207543.2021.2002967
https://doi.org/10.1007/s00170-022-09636-9
https://doi.org/10.1007/s00170-022-09636-9
https://doi.org/10.1016/j.jmsy.2022.03.011
https://doi.org/10.1109/TIV.2023.3237960

