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Abstract. This study proposes an optimization method based on Monte Carlo simulation and genetic 
algorithm to explore the production decision-making scheme for assembly products. The study aims 
to provide efficient production decision support for enterprises by constructing a sequential decision 
model, an evaluation class model and a multi-stage decision model. In this paper, the sequential 
decision model and likelihood ratio method are first applied to design a scheme to minimize the 
number of sampling inspections, and the Monte Carlo simulation algorithm is used to simulate the 
quality of assemblies and finished products under different inspection schemes, which leads to the 
corresponding decision scheme. Then, the multi-objective decision-making model is solved using 
genetic algorithm to maximize the average profit as the goal to explore the economic benefits of 
different decision-making schemes. The research in this paper provides a reliable theoretical basis 
and practical guidance for sampling inspection, inspection scheme design and optimization decision-
making in production decision-makingt. 
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1. Introduction 

This paper makes comprehensive use of sequential decision-making model [1], Monte Carlo 

simulation [2], multi-stage decision-making model [3] and genetic algorithm [4], aiming at exploring 

how to improve the decision-making efficiency in the process of purchasing and production of spare 

parts. This paper carries out an in-depth study on the sampling inspection of accessories [5], quality 

control of finished products and the treatment of unqualified products. Firstly, for the sampling 

inspection of accessories, a dynamic sampling scheme [6] is designed using the sequential decision 

model to minimize the number of inspections and ensure the quality of products. Second, in the 

production process, a multi-stage decision model was developed to analyze the inspection decisions 

of spare parts, semi-finished products and finished products, aiming to maximize the average profit 

of the enterprise. In addition, genetic algorithms were applied to optimize the selection of decision 

variables, enhancing the adaptability and efficiency of the model. Through the comprehensive 

application of these algorithms, this paper not only provides a scientific decision-making basis for 

the enterprise but also provides an effective solution for improving production efficiency and 

reducing costs. 

2. Sample Testing and Analysis 

The firm will spend testing fees on sample spare parts to determine whether to purchase them. 

Under the premise that the defective rate does not exceed 10% of the nominal value, the model is 

built to answer the following two scenarios: 

(1) At the 95% confidence level, if the defect rate exceeds 10% of the nominal value, reject the 

parts. 

(2) At a confidence level of 90%, if the defective rate does not exceed 10% of the nominal value, 

accept the parts. 
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2.1. Sampling Program Analysis 

It is known that the defective rate of spare parts does not exceed 10% of the nominal value, first, 

establish the hypothesis: let the total sample capacity is 𝜃, the rejection domain is 𝑊, the acceptance 

domain is 𝑊‾ , the sample observation is 𝑋. Θ0 ⊂ Θ and Θ0 ≠ ∅, Θ1 ⊂ Θ and Θ1 ≠ ∅, there are 

Θ0 ∪ Θ1 = Θ. Then, let: 

(1) Original hypothesis 𝐻0: The defective rate 𝑝 ∈ Θ0 = p: 𝑝 ≤ 𝑝0 = 10%. 

(2) Alternative hypothesis 𝐻1: The defective rate 𝑝 ∈ Θ1 = p: 𝑝 > 𝑝0 = 10%. 

Because of the randomness of the sample, the judgment of this sampling and testing will be in 

error, so it is assumed that: 

(1) Rejection error probability: 𝛼(𝑃) = 𝑃𝑃{𝑋 ∈ 𝑊}, 𝑃 ∈ Θ0. 

(2) Probability of false error: 𝛽(𝑃) = 𝑃𝑃{𝑋 ∈ 𝑊‾ }, 𝑃 ∈ Θ1. 

Then the potential function of the test is obtained: 

 𝑔(𝑝) = {
𝛼(𝑝), 𝑝 ∈ Θ0

1 − 𝛽(𝑝), 𝑝 ∈ Θ1
                          (1) 

For the test to be more satisfying, 𝑔(𝑝) ≤ 𝛼  is required, so we take a value of 0.10 for the 

significance level 𝛼 and a value of 0.05 for the test efficacy 𝛽, according to: 

 𝐴 =
1−𝛽

𝛼
                                   (2) 

 𝐵 =
𝛽

1−𝛼
                                   (3) 

The upper and lower thresholds of the sequential test are calculated. 

 𝑁 =
𝑍2⋅𝑝⋅(1−𝑝)

𝐸2                                 (4) 

Let the alternative inferiority rate 𝑝1 be 0.13, so the likelihood ratio function is satisfied: 

 Λ = (
𝑝1

𝑝0
)

𝑋
(

1−𝑝1

1−𝑝0
)

𝑛−𝑋
                              (5) 

Get the likelihood ratio value, where 𝑋 represents the number of defective products. To determine 

the sequential test decision rule for: 

(1) Reject the conditions of 𝐻0: when Λ ≥ 𝐴, reject 𝐻0, that is, that the rate of defective spare 

parts exceeds the nominal value, then reject the parts. 

(2) Accept 𝐻0 condition: when Λ ≤ 𝐵, accept 𝐻0, that is, the defective rate of spare parts does 

not exceed the nominal value, then accept the parts. 

(3) When 𝛬 is in the interval (𝐵, 𝐴), continue sampling and testing. 

According to the above model, the parts are sampled and tested one by one, the number of samples 

N and the number of defective parts X are recorded, and the final decision is made according to the 

decision rule. 

2.2. Sampling Program Solution 

2.2.1 Scenario 1 

In this paper, the confidence level is known to be 95%, then 𝛼 = 0.05. Sampling and testing of 

spare parts one by one, after each sampling, recalculate the likelihood ratio Λ1, when the likelihood 

ratio Λ1 is greater than or equal to 18, reject the spare parts; when Λ1 is less than or equal to 0.105, 

accept the spare parts; when Λ1 takes other values, continue to sample and test, and at the same time 

record the number of samples 𝑁1 and the number of defective products 𝑋1. 

2.2.2 Scenario 2 

In this paper, the confidence level is known to be 90%, then α=0.10. Sample and test the spare 

parts one by one, after each sample, recalculate the likelihood ratio Λ2, when the likelihood ratio Λ2 
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is greater than or equal to 9.5, reject the spare parts; when Λ2 is less than or equal to 0.0556, accept 

the spare parts; when Λ1 takes other values, continue to carry out the sampling and testing, and at 

the same time, record the number of samples 𝑁2 and the number of defective products 𝑋2. 

3. Decision Analysis of Different Production Processes 

3.1. Decision Modeling 

The problem requires a decision to be made about the production process, so a multi-stage decision 

model is developed. 

(1) Objective function 

 Maximize
∑  𝑛

𝑖=1  (𝑅𝑖−𝐶𝑖)

𝑚
                              (6) 

Where 𝑅𝑖 denotes the revenue of the 𝑖th finished product, 𝐶𝑖 denotes the cost of the 𝑖th finished 

product, 𝑛 denotes the number of parts purchased for the first time, and 𝑚 denotes the number of 

successful sales. 

(2) Decision variables 

Set the decision variable 𝑋1 to indicate whether to test part 1, 𝑋2 to indicate whether to test part 

2, 𝑌1 to indicate whether to test the finished product, and 𝑌2 to indicate whether to dismantle the 

substandard finished product, where: 

 𝑌𝑖 , 𝑋𝑖 = {
0, no  

1, yes  
(𝑖 = 1,2)                           (7) 

(3) Revenue 

If the product is sold, then 𝑅𝑖 = 𝑔, otherwise, 𝑅𝑖 = 0. The total revenue is: 

 ∑  𝑛
𝑖=1  𝑅𝑖                                  (8) 

Where 𝑔 denotes the market selling price of the finished product. 

(4) Cost 

 𝐶𝑖 = 𝑐1 + 𝑋1 ⋅ 𝑡1 + 𝑐2 + 𝑋2 ⋅ 𝑡2 + 𝑠 + 𝑌1 ⋅ 𝑤 + 𝑎 + 𝑌2 ⋅ 𝑏               (9) 

Where 𝑐1 and 𝑐2 denote the unit price of purchasing spare parts 1 and 2 respectively, 𝑠 denotes 

the assembly cost, 𝑡1 denotes the testing cost of spare parts 1, 𝑡2 denotes the testing cost of spare 

parts 2, 𝑤 denotes the testing cost of the finished product, 𝑎 denotes the loss of exchanging the 

product for the user, and 𝑏 denotes the cost incurred by dismantling the finished product.  

3.2. Model Solution 

(1) Monte Carlo simulation method of random sampling, respectively, randomly selected spare 

parts and finished products, in the 0-1 randomly generated a number, if the random number is less 

than the rate of defective products, then the product is judged to be defective. 

(2) According to the conditions of the 16 assembly programs, the traversal algorithm to search for 

different programs under the cost and average profit. 

(3) Compare the average profit of each scheme under each condition and get the best scheme with 

maximum profit. 

3.3. Solution Result 

According to the above model, the decision-making is based on the maximization of average profit, 

and the decision-making schemes for the following six cases are obtained: 

Scenario 1: No testing of Parts 1 and 2, testing of finished product but no disassembly of 

nonconforming product, average profit 23.66 yuan. 
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Scenario 2: Without testing Parts 1 and 2, testing the finished product but not disassembling the 

failed product, average profit 21.50 yuan. 

Scenario 3: Non-testing of Parts 1 and 2, testing of finished products without dismantling of non-

conforming products, with an average profit of 23.64 yuan. 

Scenario 4: Testing of Parts 1 and 2, testing of finished product and dismantling of non-conforming 

product, average profit 22.61 yuan.  

Scenario 5: Without testing Parts 1 and 2, testing the finished product without disassembling the 

failed product, the average profit is 23.83 yuan. 

Scenario 6: No testing of Parts 1 and 2, testing of finished product without disassembling the failed 

product, average profit 20.56 yuan. 

4. Multi-Objective Decision Analysis 

4.1. Decision Preparation 

In this section, the known conditions are disassembled step by step as a decision preparation for 

model building. 

(1) Part 123 is assembled as semi-finished product 1, part 456 is assembled as semi-finished 

product 2, part 78 is assembled as semi-finished product 3, and semi-finished product 123 is 

assembled as finished product. In the assembled semi-finished product, as long as one of the spare 

parts fails, the semi-finished product must fail; if both spare parts passes, the assembled semi-finished 

product may not pass; in the assembled finished product, as long as one of the semi-finished product 

fails, the finished product must fail; if both semi-finished products pass, the finished product may not 

pass. 

(2) The spare parts for testing, if a spare part is not tested, this spare part will be directly into the 

assembly of semi-finished products; otherwise, the unqualified spare parts will be detected and 

discarded and purchase new ones to supplement. 

(3) The assembly of each piece of semi-finished products for testing, if not testing, assembly of 

semi-finished products assembled for the finished product; otherwise only qualified semi-finished 

products can be assembled for the finished product. 

(4) On the assembly of each piece of finished product for testing, if not tested, after the assembly 

of finished products directly into the market, otherwise only tested and qualified finished products 

into the market. 

(5) The detection of unqualified semi-finished products for dismantling, if not dismantled, directly 

unqualified semi-finished products will be discarded; otherwise, the dismantled spare parts repeat 

steps 1, 2. 

(6) Disassemble the detected unqualified finished products, if not disassembled, directly discard 

the unqualified finished products; otherwise, the disassembled semi-finished products, repeat steps 3, 

5. 

(7) For the unqualified products purchased by users, the enterprise will unconditionally exchange 

them and incur a certain exchange loss. Repeat step 6 for returned nonconforming products. 

4.2. Modeling 

This section decides on a more general production process and establishes a multi-stage decision-

making model based on genetic algorithm for solving. 

(1) Objective function 

 Maximize
∑  𝑛

𝑖=1  (𝑅𝑖−𝐶𝑖)

𝑚
                           (10) 

(2) Decision variables 

Set the decision variable Xi to indicate whether to detect spare parts 𝑖, (𝑖 = 1,2 ⋯ ,8) , 𝑌1 to 

indicate whether to detect finished products, 𝑌2 to indicate whether to dismantle unqualified finished 



Highlights in Science, Engineering and Technology SDPIT 2025 

Volume 131 (2025)  

 

266 

products, 𝑍1 to indicate whether to detect semi-finished products, and 𝑍2 to indicate whether to 

dismantle unqualified semi-finished products, where: 

 𝑋𝑖 , 𝑌1, 𝑌2, 𝑍1, 𝑍2 = {
0, no  

1, yes  
                         (11) 

(3) Revenue 

If the product is qualified, then note 𝑅𝑖 = 𝑔, otherwise note 𝑅𝑖 = 0. The total revenue is: 

 ∑  𝑛
𝑖=1  𝑅𝑖                                 (12) 

Where g denotes the market selling price of the finished product. 

(4) Cost 

 𝐶𝑖 = ∑  8
𝑖=1   𝑐𝑖 + ∑  8

𝑖=1  𝑋𝑖 ⋅ 𝑡𝑖 + 𝑠 + 𝑌1 ⋅ 𝑤1 + 𝑌2 ⋅ 𝑏1 + 𝑍1 ⋅ 𝑤2 + 𝑍2 ⋅ 𝑏2 + 𝑎      (13) 

Where 𝑐𝑖  denotes the unit price of purchasing spare part 𝑖 , s denotes the assembly cost, 𝑡𝑖 

denotes the testing cost of spare part 𝑖, 𝑤1 denotes the testing cost of finished product, 𝑤2 denotes 

the testing cost of semi-finished product, 𝑏1 denotes the cost incurred by dismantling the unqualified 

finished product, 𝑏2 denotes the cost incurred by dismantling the unqualified semi-finished product, 

and 𝑎 denotes the loss of exchanging the product for the user. 

4.3. Model Solution 

4.3.1 𝒎 Processes, 𝒏 Parts 

For the unknown quantity of processes and spare parts, genetic algorithms are used to solve the 

model based on the multi-stage decision-making model: 

(1) Set certain parameters for population size, iteration number, and mutation rate. 

(2) Randomly selected by Monte Carlo simulation to determine the inferior parts and then tested. 

Each sample is then subjected to testing and assembly testing and assembly of parts, calculating the 

cost. 

Assembly of semi-finished products, calculate the cost; Assembly of finished products, calculate 

the cost. 

Calculate the total revenue and the cost of defective products; thus, defining the objective function. 

From Eq: 

 Maximize
∑  𝑛

𝑖=1  (𝑅𝑖−𝐶𝑖)

𝑚
                           (14) 

Individual fitness, i.e., average profit, is obtained. 

(3) Use genetic algorithm to iterate several times to calculate the average profit of each decision-

making scheme and sort to get the optimal scheme. 

4.3.2 2 Processes, 8 Spare Parts 

In Fig. 1 𝑖 = 1,4,7; 𝑗 = 2,5,8; 𝑘 = 3,6; 𝑙 = 1,2,3 , the solution process can be obtained according 

to the flow chart of part detection: 

(1) Through Monte Carlo simulation, randomly select spare parts, semi-finished products and 

finished products, according to the rate of defective products in order to determine whether they are 

defective or not and initialize the parameters. 

(2) Decision-making on each step, can get 216 decision-making programs, through the genetic 

algorithm, simulating natural selection iterative search. 

(3) Compare the average profit under different schemes and get the maximum average profit. 
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Fig. 1 Flow chart of testing process 

4.4. Solution Result 

Based on the above multi-stage decision-making model, the best decision-making scheme is 

obtained: spare parts 1, ⋯ ,8, semi-finished products 1, 2, 3 are not inspected, the finished products 

are inspected whether they are qualified or not, and all finished products and semi-finished products 

are not dismantled. The decision-making basis is to maximize the average profit, and the 

corresponding indicator results in a maximum average profit of 81.3953 yuan. 

5. Multi-Objective Decision Optimization 

5.1. Model Preparation 

The sampling and testing method is used to calculate the defective rate corresponding to each case 

in the multi-objective analysis. This can be obtained from the confidence level comparison table: 

The sample size 𝑁 is 270 at 90% confidence level. 

The sample size 𝑁 is 384 at the 95% confidence level; thus, an interval estimation of the defective 

rate 𝑝 can be performed. 

 𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙𝑠 = 𝑝 ± 𝑍 × √
𝑝(1−𝑝)

𝑛
                   (15) 

The range of 𝑝 is found to be [0.07, 0.13] in both cases. 

5.2. Model Solution 

(1) through Monte Carlo simulation to generate random numbers, according to the rate of defective 

𝑝1, 𝑝2, 𝑝3  to determine whether the spare parts, semi-finished products, finished products are 

qualified, if the random number is less than 𝑝1, it is considered that the spare parts are unqualified, 

if you judge that all the spare parts are qualified, but the random number is less than 𝑝2, then the 

semi-finished products are unqualified, and similarly to determine whether the finished product is 

qualified. 

(2) Define the function to calculate the total revenue and total cost and return the average profit as 

the degree of adaptation. 

Population initialization is performed on the population, which generates a set of individuals, each 

of which consists of a corresponding binary gene and a floating-point gene. 

A selection operation is then performed, using a tournament selection method, where a number of 

individuals are randomly selected from the population and the one with the highest fitness is chosen. 
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Crossover operation: by randomly selecting a crossover point, the genes of two parent individuals 

are exchanged to generate two offspring individuals. 

Mutation operation: by randomly selecting a gene for mutation, the binary gene is flipped, and the 

floating-point gene is regenerated to a random value. 

In this case, the solution result of the genetic algorithm is shown in Fig. 2 below.  

 

Fig. 2 The solution result based on genetic algorithm 

(3) Carry out the genetic algorithm cycle, keep the first 10 optimal individuals in each generation, 

record the maximum fitness value in each generation, and finally find the optimal solution. 

5.3. Solution Result 

Based on the above multi-stage decision-making model, the optimal decision-making scheme is 

obtained: for parts 1, ⋯ ,8, semi-finished products 1, 2, 3 are not tested, the finished products are 

tested to see if they are qualified or not, and all finished and semi-finished products are not 

disassembled. The decision is based on maximizing the average profit, and the result of the 

corresponding indicator, i.e., the maximum average profit, is 87.9121 yuan. 

6. Sensitivity Analysis 

In this section the sensitivity of this model is tested by analyzing the number of initial purchases 

of parts (𝑛) as a variable, and to explore its reliability, the sensitivity analysis is performed by using 

the number of initial purchases of parts (𝑛) as the horizontal coordinate and the maximum average 

profit as the vertical coordinate. 

 

Fig. 3 Sensitivity analysis diagram 
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Through the sensitivity analysis in Fig. 3, the selected number of initial purchases of parts 

eventually tends to be smooth, i.e., it can obtain the maximum average profit more stably, which 

indicates that the model is stable. 

7. Conclusion 

In this paper, an optimization scheme based on sequential decision-making model, Monte Carlo 

simulation, genetic algorithm and other methods is proposed for the production decision of assembly 

products. First, the evaluation class model is established, and the optimal sampling and inspection 

scheme is designed using the sequential decision-making method to ensure that the number of 

inspections is minimized under the premise that the defective rate does not exceed 10%. Then, the 

optimal decision scheme for different cases is derived by solving the multi-objective decision model 

and Monte Carlo simulation to maximize the average profit for the inspection and disassembly 

decisions of spare parts and finished products with known defective rate. Then, further extended to a 

more general production process, the multi-stage decision-making model is optimized using genetic 

algorithms, and the optimal decision-making scheme is derived for the production scenario of two 

processes with eight spare parts. Finally, the multi-stage decision-making scheme is re-solved to 

arrive at the optimized decision-making scheme. Overall, this paper provides effective decision 

support for enterprises in the production of assembly products through the combination of multi-stage 

decision-making and optimization algorithms. 
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