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A B S T R A C T A R T I C L E   I N F O 
At present, great changes are taken place in the internal production manage-
ment and resource allocation model of manufacturers. Under the premise of 
rational resource allocation, the completion period of products largely de-
pends on the timeliness of resource allocation. The related studies mostly 
tackle the allocation of a single type of production resources in a single work-
shop, without considering much about the mutual influence between work-
shops. Through in-depth research on workshop manufacturing practices, this 
paper chooses to explore the planning, allocation, and demand prediction of 
manufacturing resources, which has long been a difficulty in workshop pro-
duction. The research has great scientific research significance and practical 
value. The authors designed an algorithm based on the difference of the mean 
stagnation time of different production processes in the execution process, 
and used the algorithm to predict the number of production resources re-
quired in each period, before formulating the optimal configuration plan. This 
method is highly reasonable and applicable. After presenting a prediction 
method for the allocation demand of workshop manufacturing resources, the 
authors discussed whether the manufacturing resource allocation between 
different workshops is balanced in a fixed period. Then, a new idea was pro-
posed for collaborative production between machines of different workshops 
in a specific environment, and an optimization algorithm was put forward to 
optimize the manufacturing resource allocation to machines facing the opera-
tion execution process. Through experiments, the authors compared the utili-
zation rate of material, technological or human production resources in each 
period, and thereby verified the effectiveness of the proposed algorithm. 
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1. Introduction
As consumers demand more and more personalized products, manufacturers are engaged in an 
increasingly fierce competition. As a result, great changes are taken place in the internal produc-
tion management and resource allocation model of manufacturers [1-7]. Currently, the main 
challenges to manufacturers include the diversity of customized products, the small batch size, 
and the strict delivery period. This requires manufacturers to manage production and allocate 
resources scientifically and efficiently [8-11].  

From the perspective of resource supply, the management department of workshop manufac-
turing resources must allocate resources rationally, in order to enhance machine utilization, and 
shorten the completion period [12-19]. Under the premise of rational resource allocation, the 
completion period of products largely depends on the timeliness of resource allocation. 
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The demand prediction for workshop manufacturing resources is to build a proper prediction 
model according to the workshop layout, order quantity, machine production attributes, and 
internal/external production conditions, and make overall forecast of the allocation demand of 
workshop manufacturing resources. 

Clark [20] developed three models and the corresponding fast heuristics methods to identify 
production plans and instant setting plans for production lines with switching time. The three 
methods were tested statically, and then tested based on rolling period. The test results show 
that the methods differ in demand prediction accuracy, capacity tightness, and period length. 
Schneider et al. [21] described the Markov decision process of production scheduling, and con-
structed a value function specific to the current demand prediction, which can generate the op-
timal scheduling decision online. In addition, an industrial application and reinforcement learn-
ing approach was developed for generating the similar value function in the field. Experimental 
results show that value function approximation is effective in both deterministic and noisy envi-
ronments.  

Fiasché et al. [22] combined evolutionary algorithm with its quantum version into a hybrid 
approach. The simulation environment is ideally located inside two factories, partners and use 
cases of the white'R FP7 FOF MNP Project, with high manual activity to produce optoelectronics 
products, switching with the use of the new robotic (re)configurable island, the white’R, to high-
ly automated production. Results show that the hybrid approach provided better answers and 
faster convergence than other methods. In recent years, many enterprises have shifted from 
single-point production to a more complex manufacturing environment, involving several multi-
product facilities.  

Ackermann et al. [23] proposed a mixed integer linear programming (MILP) model, and ap-
plied to the simultaneous material supply and scheduling of multi-site and multi-product inter-
mittent plants with heterogenous parallel units. The applicability and performance of the model 
was demonstrated with numerical examples. Chernigovskiy [24] introduced ant colony optimi-
zation (ACO) to production scheduling, and compared the efficiency of the algorithm with other 
production scheduling algorithms on real cases. Through the comparison, they summarized the 
strengths of ACO, and its benefits to the manufacturing process. 

The related studies mostly tackle the allocation of a single type of production resources in a 
single workshop, without considering much about the mutual influence between workshops. To 
fill the gap, this paper carries out the demand prediction and optimization simulation for work-
shop manufacturing resource allocation [25-31]. Based on the mean stagnation time of different 
production processes in the execution process, this paper designs an algorithm to predict the 
number of production resources required in each period, and formulate the optimal configura-
tion plan. This method is highly reasonable and applicable. Compared with the existing algo-
rithms, our algorithm optimizes the simulation of the allocation of workshop production and 
manufacturing resources under multiple working conditions, and achieves high application val-
ue for improving the workshop scheduling system. Section 2 presents a prediction method for 
the allocation demand of workshop manufacturing resources. After determining the prediction 
method, Section 3 discussed whether the manufacturing resource allocation between different 
workshops is balanced in a fixed period. Section 4 proposed a new idea for collaborative produc-
tion between machines of different workshops in a specific environment, aiming to obtain the 
optimal resource allocation plan for minimizing the mean stagnation time during the execution 
of production operations. In addition, an optimization algorithm was put forward to optimize 
the manufacturing resource allocation to machines facing the operation execution process, and 
its flow was illustrated. Through experiments, the simulation tools based on discrete event simu-
lation were compared with the proposed simulation optimization model. The experimental re-
sults verify the effectiveness of the proposed algorithm. 

2. Demand prediction 
In the actual situation of manufacturers, the management department of workshop manufactur-
ing resources does not allocate resources to each workshop, but choose one workshop for re-
source allocation. Moreover, the resources are only allocated to a workshop when the manufac-
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turing resources is out of balance. Therefore, this paper presents a new prediction method for 
workshop manufacturing resource allocation, and an index reflecting whether the resource allo-
cation is balanced between workshops. To predict the demand for workshop manufacturing 
resource allocation, the key is to forecast the variation in the resource demand of each machine 
in the workshop. Thus, it is necessary to project the cumulative resource demand of each ma-
chine, as well as the overall resource demand of the workshop. 

The XGBoost-based stacking model was adopted to predict the variation in the resource de-
mand of each machine. On this basis, the resource demand of all machines in a workshop was 
predicted. Then, the demands of different workshops were added up to obtain the final predic-
tion of resource allocation demand. 

In a workshop 𝑋𝑋, the set of machines is denoted by 𝑅𝑅 = {𝑟𝑟1, 𝑟𝑟2, . . . , 𝑟𝑟𝑚𝑚}. Then, the resource de-
mand variation of each machine 𝑟𝑟𝑖𝑖 can be calculated by: 
 

𝐺𝐺�𝑆𝑆𝑅𝑅𝑖𝑖(𝑜𝑜) = 𝑔𝑔𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑟𝑟𝑖𝑖, 𝑜𝑜) (1) 
 

where, 𝑔𝑔 is the prediction model trained by the corresponding sample set 𝐸𝐸; 𝑜𝑜 is the time inter-
val. Then, the resource demand variation of workshop 𝑋𝑋 can be calculated by: 
 

𝐺𝐺�𝑆𝑆𝑋𝑋(𝑜𝑜) = � 𝐺𝐺�𝑆𝑆𝑅𝑅𝑖𝑖(𝑜𝑜)
𝑟𝑟𝑖𝑖∈𝑅𝑅

 (2) 
 

Suppose the predicted resource demand variation of each machine 𝑟𝑟𝑖𝑖 has an error of 𝜀𝜀𝑖𝑖 . Then, 
 

𝐺𝐺�𝑆𝑆𝑅𝑅𝑖𝑖(𝑜𝑜) = 𝐺𝐺𝑆𝑆𝑅𝑅𝑖𝑖(𝑜𝑜) + 𝜀𝜀𝑖𝑖   (3) 
 

The resource demand variation of each machine in a workshop can be expressed as: 
 

𝐺𝐺�𝑆𝑆𝑋𝑋(𝑜𝑜) = ∑ 𝐺𝐺𝑆𝑆𝑅𝑅𝑖𝑖(𝑜𝑜)𝑟𝑟𝑖𝑖∈𝑅𝑅 + ∑ 𝜀𝜀𝑖𝑖∈𝑚𝑚 𝑖𝑖  (4) 
 

𝐺𝐺�𝑆𝑆𝑋𝑋(𝑜𝑜) = 𝐺𝐺𝑆𝑆𝑋𝑋(𝑜𝑜) + ∑ 𝜀𝜀𝑖𝑖∈𝑚𝑚 𝑖𝑖  (5) 
 

The resource allocation demand of a workshop can be obtained as: 
 

𝐸𝐸𝑋𝑋(𝑜𝑜) = −𝐺𝐺�𝑆𝑆𝑋𝑋(𝑜𝑜) (6) 
 

The resource allocation demand of a workshop is the sum of the resource demand of each 
single-point machine. During the summation, the prediction error of each machine is also added 
up. It is very difficult to eliminate that error. Then, the resource demand variation of workshop 𝑋𝑋 
can be calculated by: 

The XGBoost-based stacking model was directly applied to forecast the resource demand var-
iation of each machine in a workshop.  
 

𝐺𝐺�𝑆𝑆𝑋𝑋(𝑜𝑜) = 𝑔𝑔𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑋𝑋, 𝑜𝑜)  (7) 
 

where, 𝑔𝑔 is the prediction model trained by the corresponding sample set 𝐸𝐸; 𝑜𝑜 is the time inter-
val. 

Suppose the predicted resource demand variation of each machine in workshop 𝑋𝑋 has an 
error of 𝜀𝜀. Then, 
 

𝐺𝐺�𝑆𝑆𝑋𝑋(𝑜𝑜) = 𝐺𝐺𝑆𝑆𝑋𝑋(𝑜𝑜)+∈  (8) 
 

The resource allocation demand of workshop 𝑋𝑋 can be expressed as: 
 𝐸𝐸𝑋𝑋(𝑜𝑜) = −𝐺𝐺�𝑆𝑆𝑋𝑋(𝑜𝑜) (9) 

 

The error of overall prediction is smaller than the cumulative error. Hence, the overall de-
mand prediction of workshop resource allocation achieves an ideal effect. 
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3. Balance analysis 
After determining the prediction method, it is necessary to discuss whether the manufacturing 
resource allocation between different workshops is balanced in a fixed period. Before the dis-
cussion, overall consideration should be given to the future demand variation of manufacturing 
resources, the maximum quantity of manufacturing resources, and the minimum quantity of 
manufacturing resources in each workshop. 

Let 𝐸𝐸 = {𝑒𝑒1, 𝑒𝑒2, . . . , 𝑒𝑒𝑚𝑚} be the quantity of manufacturing resources corresponding to each 
machine 𝑅𝑅 = {𝑟𝑟1, 𝑟𝑟2, . . . , 𝑟𝑟𝑚𝑚} in workshop 𝑋𝑋. Then, the total quantity of manufacturing resources 
that can be accommodated by workshop 𝑋𝑋 can be calculated by: 
 

𝑌𝑌𝑆𝑆𝑀𝑀𝑥𝑥𝑋𝑋 = ∑ 𝑒𝑒𝑖𝑖𝑒𝑒𝑖𝑖∈𝐸𝐸   (10) 
 

The maximum 𝜑𝜑𝑢𝑢𝑢𝑢  and minimum 𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 of the quantity of manufacturing resources can be 
respectively defined as: 
 

𝜑𝜑𝑢𝑢𝑢𝑢𝑋𝑋 = 𝑌𝑌𝑆𝑆𝑀𝑀𝑥𝑥𝑋𝑋 ∗ 𝜉𝜉𝑢𝑢𝑢𝑢  (11) 
 

𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑋𝑋 = 𝑌𝑌𝑆𝑆𝑀𝑀𝑥𝑥𝑋𝑋 ∗ 𝜉𝜉𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑  (12) 
 

where, 𝜉𝜉𝑢𝑢𝑢𝑢 and 𝜉𝜉𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 are two parameters that control  𝜑𝜑𝑢𝑢𝑢𝑢 and 𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑, respectively. 
Let 𝑌𝑌𝑆𝑆𝑀𝑀𝑥𝑥𝑋𝑋 denote the highest resource demand of each machine in workshop 𝑋𝑋. Then, the 

maximum and minimum quantities of manufacturing resources can be respectively described by 
𝜑𝜑𝑢𝑢𝑢𝑢𝑋𝑋  and 𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑋𝑋 , respectively: 
 

𝜙𝜙𝑢𝑢𝑢𝑢𝑋𝑋 = 𝑌𝑌𝑆𝑆𝑀𝑀𝑥𝑥𝑋𝑋 ∗ 𝜉𝜉𝑢𝑢𝑢𝑢  (13) 
 

𝜙𝜙𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑋𝑋 = 𝑌𝑌𝑆𝑆𝑀𝑀𝑥𝑥𝑋𝑋 ∗ 𝜉𝜉𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑  (14) 
 

The balance of resource allocation between workshops can be detailed as follows: 

(1) If 𝐸𝐸𝑋𝑋(𝑜𝑜) is greater than zero, then workshop manufacturing resources diminish. In this case, 
when 𝐸𝐸𝑋𝑋(𝑜𝑜) ≤ 𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑋𝑋 , the manufacturing resource allocation of a workshop is balanced, elimi-
nating the need for replenishing manufacturing resources. When 𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑋𝑋< 𝐸𝐸𝑋𝑋(𝑜𝑜) ≤ 𝜑𝜑𝑢𝑢𝑢𝑢𝑋𝑋 , the 
allocation is out of balance, i.e., the machines are not fully utilized, and manufacturing resources 
should be replenished immediately to meet the demand 𝐸𝐸𝑋𝑋(𝑜𝑜). When 𝐸𝐸𝑋𝑋(𝑜𝑜), the allocation is still 
out of balance, but simple addition of manufacturing resources will bring another problem, i.e., 
the manufacturing resource quantity may far exceed the capacity of machines. Thus, it is neces-
sary to set 𝐸𝐸𝑋𝑋(𝑜𝑜) = 𝜑𝜑𝑢𝑢𝑢𝑢𝑋𝑋 . 

(2) If 𝐸𝐸𝑋𝑋(𝑜𝑜) is smaller than zero, then workshop manufacturing resources increase. In this case, 
when |𝐸𝐸𝑋𝑋(𝑜𝑜)| ≤ 𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑋𝑋 , the manufacturing resource allocation of a workshop is balanced, elimi-
nating the need for transferring manufacturing resources. When 𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑋𝑋< |𝐸𝐸𝑋𝑋(𝑜𝑜)| ≤ 𝜑𝜑𝑢𝑢𝑢𝑢𝑋𝑋 , the 
allocation is out of balance, i.e., the machines are unable to handle so many manufacturing re-
sources, and the excessive quantity |𝐸𝐸𝑋𝑋(𝑜𝑜)| of manufacturing resources should be transferred 
away immediately. When |𝐸𝐸𝑋𝑋(𝑜𝑜)| > φup, the allocation is still out of balance, but simple reduction 
of manufacturing resources will bring another problem, i.e., the manufacturing resource quanti-
ty may fall far short of the capacity of machines. Thus, it is necessary to set |𝐸𝐸𝑋𝑋(𝑜𝑜) |= −𝜑𝜑𝑢𝑢𝑢𝑢𝑋𝑋 .   

4. Proposed allocation optimization approach  
The production tasks of machines are planned by the workshop, and each machine has a fixed 
production efficiency. When the order quantity increases, the shortage of manufacturing re-
sources may occur easily. This will definitely affect the mean stagnation time during the execu-
tion of some operations. 

To solve the problem, we proposed a new idea for collaborative production between ma-
chines of different workshops in a specific environment, aiming to obtain the optimal resource 
allocation plan for minimizing the mean stagnation time during the execution of production op-
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erations, and avoid the unfavorable state that some machines are busy while some machines are 
idle. This section details the optimization algorithm was put forward to optimize the manufac-
turing resource allocation to machines facing the operation execution process. 

Fig. 1 lists six functions of the optimization algorithm, including reading and storage of pro-
duction state data, calculation of machine delay function, visual simulation of machines, calcula-
tion of mean stagnation time of each operation, resource allocation optimization for collabora-
tive production, and update of manufacturing resource allocation schedule. The six functions are 
intercorrelated, and work together to ensure the realization of the optimization objective of 
manufacturing resource allocation. 

Fig. 2 shows the three-layer architecture of the optimization algorithm. The functional display 
layer mainly realizes the man-machine interaction during the simulation. The main functions on 
this layer include generation of new allocation plan, display of mean stagnation time of each op-
eration, selection of machines for collaboration request, display of production task planning, and 
real-time visual simulation of production state. The logical processing layer is responsible for all 
computations and data processing. It mainly has five functions: processing of production state 
data, update of unoptimized number of machines, calculation of delay function, calculation of 
mean stagnation time of each operation, and sorting of delay functions. The data access layer 
stores the important information collected and calculated by the algorithm, mainly including 
production state data file, production task database, and resource allocation database. The above 
architecture connects all functional modules of the algorithm, realizes the target functions, and 
meets the actual production needs of workshops. 
 

 
Fig. 1 Some functions of the optimization algorithm 

 
 

 
Fig. 2 Architecture of optimization algorithm 

 
The logical processing layer is the core of the algorithm. The structure of this layer is detailed 

in Fig. 3. 
If the initial schedule of manufacturing resources allocation is known, then the manufacturing 

resources pending allocation optimization will be selected based on the delay function. Next, an 
optimization model would be constructed for manufacturing resources for simulation and opti-
mization. Then, the allocation of all resources would be optimized iteratively, thereby minimiz-
ing the mean stagnation time of each operation in execution. 
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Fig. 3 Structure of logical processing layer 

 
This paper introduces the idea of collaborative production to the optimization algorithm for 

the manufacturing resource allocation to machines facing the operation execution process: Un-
der certain production conditions, machines with similar production efficiencies can borrow 
manufacturing resources from each other to execute the same operation, such as to improve the 
allocation effect of resources throughout the execution process. 

After incorporating the above idea, our optimization algorithm breaks the limit of the original 
schedule of resource allocation: For each operation, only one machine receives manufacturing 
resources, making it impossible to optimize the resource allocation. Our algorithm can also rea-
sonably reallocate resources to solve the problem that the machines, which are assigned insuffi-
cient production tasks, cannot easily respond to the real-time changes of order quantity. In other 
words, the traditional algorithms are unable to effectively reduce the mean stagnation time of 
operations, while our algorithm overcomes this limitation. 

The collaborative production involves a requestor and a responder. Before optimization sim-
ulation, it is important to determine which machines need to request collaboration from others. 
Two types of machines may become requestors. The first type refers to the machines that cannot 
timely execute operations, because they are assigned insufficient production tasks. Even if the 
allocation of a certain type of resources is optimized, these machines have the maximum delay. 
Then, such machine would request collaboration from others. The second type of machines are 
selected based on the limitation of the optimization algorithm. If only one machine receives 
manufacturing resources, and if it has a large delay, then it needs to request collaboration from 
others. 

The responding machine should have the same operations with the requestor, and the mini-
mum delay. The manufacturing resources of the responder needs to be transferred to the re-
questor. Then, the manufacturing resource allocation is optimized for both parties engaging in 
collaboration. The above process is implemented iteratively until the algorithm meets the ter-
mination condition. 

Let 𝑚𝑚 be the current operation; 𝐸𝐸𝑚𝑚 be the set of delay functions of all machines in operation 
𝑚𝑚; 𝐸𝐸𝑚𝑚∗  be the set of delay functions of all machines facing the same operations in operation 𝑚𝑚; 
𝑤𝑤𝑚𝑚∗  be the machine selected from operation m for optimizing the allocation of manufacturing 
resources; 𝑧𝑧𝑚𝑚∗  be the machine facing the same operations selected from operation 𝑚𝑚 for re-
sponding to collaboration requests; ST be the set of all machines; DE(𝑚𝑚) be the mean stagnation 
time of operation m after the optimization of manufacturing resource allocation; 𝑣𝑣 be the unop-
timized number of machines during operation m. 
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Fig. 4 Steps of our optimization algorithm 

 
As shown in Fig. 4, the specific steps of our optimization algorithm are as follows: 

Step 1. In the initial allocation schedule of manufacturing resources, all ∀w satisfy w ∈ ST, i.e., 
all machines belong to the optimization range of manufacturing resource allocation. 

Step 2. The manufacturing resources of all machines are initially allocated as per the original 
schedule, with 𝑚𝑚 = 0, and 𝑤𝑤0∗ = ∅. 

Step 3. The initial schedule is simulated to solve the current DE(𝑚𝑚). 
Step 4. For all w ∈ ST, the delay function of each machine is obtained for the current moment. 
Step 5. All 𝐸𝐸𝑚𝑚 values are sorted in descending order, with 𝑣𝑣 = 1 and 𝑚𝑚 = 𝑚𝑚 + 1. 
Step 6. If |𝑣𝑣 ≤ |ST|, go to Step 7; otherwise, terminate the iteration. 
Step 7. The 𝑢𝑢-th 𝑤𝑤 of 𝐸𝐸𝑚𝑚−1[𝑣𝑣] is selected as 𝑤𝑤𝑚𝑚∗ . 
Step 8. If 𝑤𝑤𝑚𝑚∗  = 𝑤𝑤𝑚𝑚−1

∗ , all 𝐸𝐸𝑚𝑚 values are sorted in descending order. Then, the machine with the 
minimum delay 𝑧𝑧𝑚𝑚∗  is selected, and its resources are transferred to 𝑤𝑤𝑚𝑚∗ . 

Step 9. The resource allocation is optimized for the requestor 𝑤𝑤𝑚𝑚∗  and the responder 𝑧𝑧𝑚𝑚∗  
separately, according to the allocation optimization model. 

Step 10. If 𝑤𝑤𝑚𝑚∗  does not receive resources after optimization, 𝑣𝑣 = 𝑣𝑣 + 1, and go to Step 6; 
otherwise, go to Step 11. 

Step 11. The new allocation schedule is simulated to obtain the corresponding DE(𝑚𝑚). 
Step 12. If DE(𝑚𝑚) < DE(𝑚𝑚− 1), go to Step 4; otherwise, 𝑣𝑣 = 𝑣𝑣 + 𝑘𝑘, and go to Step 6. 

5. Simulation results analysis and discussion 
Our optimization algorithm for the manufacturing resource allocation to machines facing the 
operation execution process was verified through multiple simulations. The performance of our 
algorithm was compared with the traditional manufacturing resource allocation algorithm un-
der the same case, using our independently developed software solution. Table 1 displays the 
delay functions of all machines in each operation, and the machines needing collaboration in 
each operation. It can be inferred that the case involves eight operations from the initial alloca-
tion schedule of manufacturing resources to the optimal schedule. Some machines requested 
collaboration in two consecutive operations. These machines lack manufacturing resources se-



Wan 
 

420 Advances in Production Engineering & Management 17(4) 2022 
 

verely, failing to meet the real-time demand. Then, out of the machines with the same opera-
tions, the machine with the minimum delay should be selected to respond to the collaboration 
request: their resources should be transferred to the requestor. The calculation results show 
that the delays of the requestors dropped significantly in a few operations, but the delays of oth-
er machines remained largely the same. This verifies the feasibility of collaborative production. 

Table 2 shows the stagnation and waiting of each machine in each operation, after the opti-
mization of manufacturing resource allocation. The data in the table further verifies the feasibil-
ity of our optimization algorithm. Our simulation optimization model is more effective than the 
simulation tools of discrete event simulation. It can be seen that the resource allocation to each 
machine in each operation was improved, and the optimal solution of the allocation schedule 
was about 50 % lower than the initial solution in terms of stagnation, and 3/4 lower in terms of 
waiting time. Both stagnation and waiting times were declined from the levels of the traditional 
resource allocation algorithm. 

Figs. 5 and 6 present the quantities of material type and technology/manpower type manu-
facturing resources pending allocation in each period, respectively. The red and purple lines 
indicate the resource quantities in the initial situation, and those under the optimal allocation 
schedule. It can be observed that both types of resources declined significantly, indicating that 
the new allocation schedule can effectively weaken the obstacles to the flow of manufacturing 
resources between machines. In addition, different types of manufacturing resources varied in 
the quantity being processed by machines, owing to the interplay between production efficien-
cies of different machines in the same workshop. 

Figs. 7 and 8 present the machine utilizations of material type and technology/manpower 
type manufacturing resources in each period, respectively. The red and purple lines indicate the 
machine utilizations in the initial situation, and those under the optimal allocation schedule. It 
can be inferred that the machine utilizations improved obviously for both types of resources. In 
the initial allocation of resources, some machines may be busy, while others may be idle, and 
some machines were continuously engaged in high-intensity production, owing to the imbalance 
between resources. These problems were basically eliminated after the allocation optimization. 
 

Table 1 Delay function of each machine in each operation 
Machine number 1 2 3 4 5 6 7 8 

Operation 0 0.251 0.562 93.154 61.592 0.374 132.651 114.518 0.025 
Operation 1 0.284 0.469 152.43 52.618 0.218 41.629 132.542 0.021 
Operation 2 0.359 0.526 21.417 62.352 0.348 13.607 152.041 0.029 
Operation 3 0.152 0.564 25.168 53.627 0.241 13.521 56.128 0.027 
Operation 4 0.137 0.462 24.847 52.195 0.418 11.415 28.419 0.024 
Operation 5 0.168 0.641 28.415 14.219 0.482 16.294 25.318 0.023 
Operation 6 0.159 0.451 27.462 13.258 0.374 18.492 15.625 0.025 
Operation 7 0.156 0.537 18.526 11.416 0.351 15.415 18.207 0.028 
Operation 8 0.193 0.412 7.652 8.439 0.318 5.627 18.439 0.051 

 
Table 2 Stagnation and waiting of resources in each operation  

 Operation 0 Operation 1 Operation 2 Operation 3 Operation 4 
Mean stagnation time 1.251 1.748 1.625 1.205 0..947 

Mean waiting time 1.326 1.485 0.718 0.625 0.495 
 Operation 5 Operation 6 Operation 7 Percentage of reduction  

Mean stagnation time 0.961 0.815 0.853 52.64  
Mean waiting time 0.357 0.495 0.285 74.51  
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Fig. 5 Quantities of material type manufacturing resources pending allocation  

 

 
Fig. 6 Quantities of technology/manpower type manufacturing resources pending allocation  

 

 
Fig. 7 Machine utilizations of material type manufacturing resources 
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Fig. 8 Machine utilizations of technology/manpower type manufacturing resources 

6. Conclusions 
This paper carries out the demand prediction and optimization simulation for workshop manu-
facturing resource allocation. After presenting a prediction method for the allocation demand of 
workshop manufacturing resources, the authors discussed whether the manufacturing resource 
allocation between different workshops is balanced in a fixed period. Then, a new idea was pro-
posed for collaborative production between machines of different workshops in a specific envi-
ronment, and an optimization algorithm was put forward to optimize the manufacturing re-
source allocation to machines facing the operation execution process. The algorithm flow was 
detailed. 

Through experiments, we displayed the delay functions of each machine in each operation, 
identified the machines needing collaborative production in each operation, and verified the 
feasibility of the idea of collaborative production. The effectiveness of our algorithm was further 
confirmed by obtaining the stagnation and waiting situation of each machine in each operation, 
after the resource allocation is optimized. Finally, we compared the quantities of material type 
and technology/manpower type manufacturing resources pending allocation in each period, and 
contrasted the machine utilizations of material type and technology/manpower type manufac-
turing resources in each period. 

This paper mines the historical dataset of workshop production and manufacturing, re-
searched and established a model and an analysis method, and achieved certain research results. 
However, the allocation of workshop production and manufacturing resources is affected by 
various factors, which have intricated correlations. For reasons of dataset and data quality, it is 
impossible to fully consider and thoroughly explore all the influencing factors and their correla-
tions. In the future, these issues will be considered for further improvement. 
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