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Abstract 

In electronic product manufacturing, quality control and production cost management pose 
challenges for enterprises. First, key factors for production decisions are identified: component 
inspection, assembly, inspection of semi-finished and finished products, and handling defective 
goods at different stages. Next, dynamic programming and genetic algorithms optimise sampling 
inspection. A production decision model covers multiple processes and component combinations. 
The relationship between the inspection and the final product quality is explored, showing that 
different decision paths affect the total cost and defect rate. Real-time monitoring and a dynamic 
Bayesian network guide production strategy adjustments to boost efficiency and reduce defects. This 
study proposes adaptable inspection and disassembly strategies that reduce costs and optimise 
resource use across production scenarios. 

Keywords: electronic products; production decision-making; dynamic programming; dynamic 
Bayesian network 
 

1. Introduction 

With the rapid development of the electronic product manufacturing industry, customer 
demand for electronic products has gradually increased [1], making quality control and production 
cost management major challenges faced by enterprises [2,3] The production process of electronic 
products is relatively complex [4], involving multiple procedures and numerous components [5]. To 
ensure that customers receive qualified products, quality inspection is a top priority in the production 
process [6,7]. At various stages, enterprises need to consider the costs and benefits associated with 
inspection, assembly, disassembly, and after-sales replacement [8–10]. Therefore, in a complex 
production environment, it is necessary to comprehensively consider quality control and cost 
management to achieve real-time monitoring and dynamic adjustments [11]. 

Nowadays, many scholars are conducting research on the product manufacturing process. 
Sarkar and Saren [12] combined Type I and Type II errors, considering the production process in 
which the system transitions from a controlled state to an uncontrolled state, and adopted a sampling 
inspection strategy based on inspection errors to ensure product quality. Jing Zhou [13] and others, 
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taking into account that product inspection is influenced by various factors, proposed an improved 
three-way decision (3WD) approach and introduced a case study in semiconductor manufacturing 
systems, demonstrating that this method can effectively reduce inspection errors. Tzuan Chiang [1] 
and others proposed a multi-objective planning method oriented towards customer needs, applying 
an efficient multi-objective genetic algorithm to achieve maximum customer satisfaction and 
minimum technical development cost. Qiaochu He [14] and others, based on incorporating the 
influence of consumer reviews, proposed a new dynamic pricing model to achieve optimal pricing 
and quality control. You, J [15] and others, for manufacturing systems with multiple machines, 
multiple product types, and uncertain failures, proposed an integrated control strategy that combines 
the priority hedging point (PHP) control strategy with capacity planning in the production process 
to control production costs. 

In this study, sampling inspection schemes for the production process of electronic products and 
decision-making problems under different circumstances were thoroughly investigated. The 
production process involves component inspection, assembly stages, inspection of semifinished and 
finished products, and handling of defective products [16–18]. Combining methods such as 
hypothesis testing [19], sequential probability ratio testing [20], dynamic programming, genetic 
algorithms [21,22], and dynamic Bayesian networks [23], this paper constructs a multi-stage decision 
optimisation model to solve the following four problems: (1) Optimisation of the optimal sampling 
inspection scheme for the defective rate of components. By optimising the sampling inspection 
scheme, the number of inspections is reduced while ensuring accuracy, improving production 
efficiency and reducing quality management costs. (2) Investigation of detection and production 
process decision optimisation for components and finished products, analysing production processes 
under different inspection schemes, balancing inspection costs and production efficiency, and 
optimising resource utilisation while ensuring product quality. (3) For complex production processes 
involving multiple procedures and multiple component combinations, a genetic algorithm was used 
to solve the optimisation problem of multi-process and multi-component combinations, achieving 
the optimal balance between cost and quality. (4) The dynamic monitoring of the defective rate of 
components and finished products was studied, and production decisions were optimised. Through 
a dynamic Bayesian network model, the defective rate at each production stage was monitored in 
real time, and production strategies were dynamically adjusted to improve the overall production 
efficiency. 

In summary, this study optimised the sampling inspection scheme in electronic product 
manufacturing through hypothesis testing and sequential probability ratio testing [24], and 
optimised the multi-stage production process using dynamic programming, genetic algorithms, and 
dynamic Bayesian network models [25]. It revealed key quality control strategies, improved 
production efficiency, and enhanced cost-effectiveness. It addressed the problem of defective rate 
monitoring, proposed inspection and disassembly strategies [26], and improved production 
management efficiency and profitability. 

2. Design of the Optimal Sampling Inspection Scheme 

With the rapid development of the electronic product manufacturing industry, product quality 
control has become one of the key factors affecting corporate competitiveness. The production of 
electronic products involves multiple stages, and the quality of the components directly affects the 
performance and lifespan of the finished product. Therefore, component inspection plays a crucial 
role throughout the production process. By inspecting components, companies can ensure that 
defective parts are identified and removed before assembly, preventing defective parts from entering 
subsequent production stages and reducing production waste, rework costs, and after-sales losses 
caused by defects. Companies typically obtain large quantities of components from suppliers, but 
due to inevitable quality fluctuations during production, some components may not meet quality 
standards, resulting in a defect rate higher than the nominal value set by the company. To decide 
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whether to accept these components, companies need to conduct sampling inspections to determine 
whether the defect rate exceeds the allowable threshold. 

However, conducting comprehensive inspections of all components would significantly increase 
inspection costs and time; therefore, ensuring the effectiveness of inspections while controlling costs 
is an important challenge faced by enterprises. To this end, sampling inspection has become an 
effective solution. By performing sampling inspections on a portion of the components in a batch, 
enterprises can infer the overall quality status of the batch based on the sampling results. This 
approach maintains high inspection accuracy while reducing the number of inspections, thereby 
optimising resource utilisation and lowering production costs. Therefore, designing an optimal 
sampling inspection plan that ensures product quality while minimising the number of inspections 
has become the main objective of this study. 

This paper aims to design an optimal sampling inspection scheme that can determine whether 
the defect rate of a batch of parts exceeds the limit with the minimum number of inspections under 
different confidence levels (such as 95% and 90%). Specifically, this study combines hypothesis 
testing with the sequential probability ratio test (SPRT) to establish a sampling inspection model and 
optimise the sampling size, ensuring accurate acceptance or rejection decisions at different confidence 
levels. This scheme can not only effectively reduce the number of inspections but also lower 
production and quality management costs for enterprises while meeting various inspection accuracy 
requirements. 

Hypothesis testing is a statistical inference method whose basic idea is a probabilistic form of 
contradiction, used to assess whether differences between samples or between a sample and the 
population exceed the range of the random sampling error. This method first sets a hypothesis about 
the characteristics of the population and then analyzes the sampling data to determine whether there 
is sufficient evidence to support or refute the hypothesis. The objective of hypothesis testing is to test 
these two hypotheses based on the sample data and decide whether to accept the null hypothesis. 

First, we set two hypotheses about the characteristics of the population: the null hypothesis and 
the alternative hypothesis. 

Null hypothesis ( 0H ): The defect rate of the spare parts, that is, the defect rate does not exceed 
the nominal value. 

Alternative hypothesis ( 1H ): The defect rate of the spare parts, that is, the defect rate exceeds 

the nominal value. 
In the design of the sampling inspection plan, the binomial distribution can be used to describe 

and analyse the number of defective items. The binomial distribution is a type of distinct probability 
distribution. If a sample is taken from n parts provided by a supplier, where each part has a certain 
defect rate, the number of defective parts follows a binomial distribution: 

),(~ pnBX  (1)

Here, n represents the sample size, and p  denotes the defect rate. 

When the sample size is large, to simplify the analysis, a normal approximation ),(~ 2σuNX  
can be used to handle the binomial distribution [2]. For a binomial distribution: 

pnu ⋅=  (2)

)1(2 ppn −⋅⋅=σ  
(3)

After processing, the binomial distribution at this point satisfies: 

)]1(,[~ pnpnpNX −  (4)

The defect rate obtained after sampling can be expressed as: 
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Next, we calculate the test statistic Z : 
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(6)

Where n is the sample size, p̂  is the sample defective rate, and 0p  is the nominal value. 

In the process of hypothesis testing, the calculated standardised test statistic Z  is compared 
with the corresponding critical value from the standard normal distribution table to determine 
whether to reject the null hypothesis. 

To determine the minimum sample size n, use the following formula: 

n
pp
ppZ

)1(
ˆ

00

0

−
−=

 

(7)

The confidence level and critical value are set as follows: (1) Rejection at 95% confidence (reject 
true), that is, at the 95% confidence level, assuming the null hypothesis is true, the probability of 
incorrectly rejecting the null hypothesis should not exceed 5%, allowing for a 95% probability of error, 
the false rejection rate. This means finding the critical value for the right-hand 5% section of the 
normal distribution. Consulting the standard normal distribution table, the corresponding critical 

value is as follows: 96.12/ =αZ , if the calculated test statistic Z exceeds 1.96, the null hypothesis 

can be rejected, concluding that the defect rate exceeds 10%. (2) Acceptance at the 90% confidence 
level (acceptance of false). At the 90% confidence level, the probability of wrongly rejecting the null 
hypothesis (Type I error rate) is set at 10%, which requires determining a critical value in the normal 
distribution such that 90% of the distribution lies to the left of this value. According to the normal 

distribution table, the corresponding critical value is: 645.12/ =βZ , if the calculated test statistic 

Z  is less than the critical value 1.645, this indicates that at the given significance level, the defect 
rate does not significantly exceed the 10% threshold. Therefore, there is not enough evidence to reject 
the null hypothesis, meaning the defect rate of the batch of parts is not over 10%, and the batch can 
be accepted. If the assumed allowable error E=0.02 in the defect rate p=0.1, then: 

Sample size at the 95% confidence level: 

n1=
Zα/2+Zβ

2
⋅p0 1p0

p1p0
2 =865.9 (8)

Sample size at the 90% confidence level: 

n2=
Zα/2+Zβ

2
⋅p0 1p0

p1p0
2 =608.9 (9)

After rounding, we obtain n1=866. After rounding, we obtain n2=609. 
Randomly select n sample from the parts provided by the supplier to calculate the defect rate. 

If αZZ > , corresponding to the 95% confidence intervals, reject the batch of parts provided by the 

suppliers, considering the defect rate to exceed 10%. If αZZ< , corresponding to the 90% confidence 
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intervals, accept the batch of parts provided by the suppliers, considering that the defect rate should 
not to exceed 10%. 

To ensure a reduction in the number of inspections, this study optimised the sampling inspection 
frequency using the sample size calculation formula to meet the predetermined confidence level and 
accuracy requirements, thereby achieving reasonable decision accuracy. 

To optimise inspection costs and make correct decisions while minimising the number of 
samples taken, the sequential probability ratio test was introduced. Let the two hypothesised values 

of the defective rate be 0p  and 1p  then the decision rules for the test are as follows: 

The condition for accepting the null hypothesis ( 0H ) is: 

0

1

( | )
( | )
P X k p B
P X k p A

= >
=  

(10)

The condition for rejecting the null hypothesis ( 0H ) is: 

0

1

( | )
( | )
P X k p A
P X k p

= <
=  

(11)

The condition for continuing sampling is: 

0

1

( | )
( | )
P X k p A
P X k p

= <
=  

(12)

Where A and B are the upper and lower limits, calculated as: 

α
β−= 1A

 
(13)

α
β
−

=
1

B
 

(14)

Solving the model gives the change in the acceptance probability under different defect rates, as 
shown in Figure 1. 
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Figure 1. Change in acceptance probability under different defect rates. 

From the solution results of the changes in acceptance probability under different defect rates in 
Figure 1, it can be seen that with a 95% confidence level, when the sample size is large, batches with 
high defect rates are eventually rejected, while batches with low defect rates are ultimately accepted. 
For batches with defect rates of 0.12 and 0.14, when the sample size reaches around 600 to 700, the 
acceptance probability approaches zero, meaning that at this point the company can reject these high 
defect rate batches with 95% confidence. In particular, for the curve with a defect rate of 0.14, when 
the sample size is close to 700, its acceptance probability is significantly lower than the 95% confidence 
level line, indicating that the company can confirm that the defect rate has exceeded the standard and 
reject this batch of components. Under a 90% confidence level, for batches with lower defect rates, 
their acceptance probability quickly reaches the 90% confidence level line as the sample size increases. 
For the curve with a defect rate of 0.04, when the sample size is around 400, its acceptance probability 
has already exceeded the 90% confidence level line, indicating that the company can decide to accept 
this batch of components at that point. Similarly, for a batch with a defect rate of 0.06, when the 
sample size reaches 500, the acceptance probability has already exceeded the 90% confidence level. 
The enterprise can make the acceptance decision at this sample size, thus avoiding unnecessary 
additional sampling inspections. The specific sampling plan design is shown in Table 1. 

Table 1. Sampling plan. 

Confidence 
level Defective rate Sampling 

strategy 

Recommended 
sample size 

range 

Inspection results and 
decisions 

95% 0.04,0.06,0.08,0.10 
Dynamic 

Inspection 
Strategy 

Sample size 
reaches 400-600 

For batches with a defect 
rate of 0.10 or lower, make 

the final decision when 
the sample size reaches 

600; if it is below 600, the 
batch can be accepted. 

95% 0.12, 0.14 
Dynamic 

Inspection 
Strategy 

Sample size 
reaches 600-700 

For batches with a high 
defect rate, make a 

rejection decision when 
the sample size reaches 

600-700; reject these 
batches if the sample size 

exceeds 700. 

90% 0.04, 0.06 

Rapid 
Acceptance 

Strategy 
 

Sample size 
reaches 300-400 

For batches with a low 
defect rate, acceptance can 

be granted when the 
sample size reaches 300-

400. 

90% 0.08, 0.10 
Stepwise 

Inspection 
Strategy 

Sample size 
reaches 400-500 

For batches with a 
medium defect rate, a 

decision to accept can be 
made when the sample 

size reaches 400-500. 
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90% 0.12, 0.14 
Dynamic 

Inspection 
Strategy 

Sample size of 
500-600 

For batches with a high 
defect rate, the batch 

should be rejected when 
the sample size reaches 

500-600 to avoid 
unnecessary subsequent 

losses. 
From the sampling plan in Table 1, it can be seen that at a 95% confidence level, enterprises can 

make decisions within a relatively large sample size range (400-700). For low defect rates (such as 
0.04 and 0.06), a decision to accept can be made when the sample size reaches 400-600; for high defect 
rates (such as 0.12 and 0.14), a decision to reject should be made when the sample size reaches 600-
700. At a 90% confidence level, the sample size can be relatively reduced. The rapid acceptance 
strategy is suitable for batches with lower defect rates (such as 0.04 and 0.06), where a sample size 
between 300 and 400 is sufficient to make an acceptance decision; for batches with medium defect 
rates (such as 0.08 and 0.10), decisions can be made with a sample size between 400 and 500; for 
batches with high defect rates (such as 0.12 and 0.14), a sample size of 500–600 should lead directly 
to rejection. 

The minimal sampling plan is as follows: at a 95% confidence level, for batches with lower defect 
rates, the minimum sample size between 400 and 600 is sufficient to make an acceptance decision. At 
a 90% confidence level, for batches with lower defect rates, the minimum sample size between 300 
and 400 is sufficient to make an acceptance decision. 

3. Optimisation of Spare Parts and Finished Product Inspection and Production 
Processes 

The defect rate of the finished products is jointly influenced by the defect rates of Spare Part 1 
and Spare Part 2, and even when both spare parts meet the quality standards, the finished product 
may still fail to meet the quality requirements due to other factors in the assembly process. Therefore, 
the enterprise needs to decide whether to inspect spare part 1 and 2. If inspection is required, the 
enterprise will incur a certain inspection cost and can eliminate defective spare parts in the process, 
thereby reducing the defective rate in the assembly. The inspection cost for spare part 1 and 2 can be 
expressed by the following formula: 

222test111 n,n cctest dddd ×=×=
 

(15)

If no inspection is conducted, there will be potential losses, calculated using the following 
formula: 

losst replacemen11lossassembly 111loss nn dppdpE a ×××+××=
 

(16)

losst replacemen22lossassembly 222loss nn dppdpE a×××+××=
 

(17)

Here, 21 , nn represent the quantity of spare part 1 and 2 respectively, 21, pp represent the 

defective rates of spare part 1 and 2, ap represent the probability of being qualified, ssassemblylod
represent the loss caused by defective spare parts entering the assembly, and losst replacemend  represent 

the replacement loss caused by customers returning defective finished products. If the inspection cost 

testd  is less than the potential loss lossE , choose to conduct the inspection. 

The enterprise needs to decide whether to perform corresponding inspections on finished 
products to avoid return and exchange losses caused by substandard products entering the market. 
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First, a cost-benefit analysis needs to be conducted. When inspecting the finished products, the 
inspection cost for finished products is: 

fproduct  finishedinspectionproduct    finished n cdd ×=
 

(18)

Where inspectionproduct    finishedd refers to the cost of the finished product inspection, product  finishedn  

represents the quantity of the finished products, and fcd  represents the inspection cost per finished 

product. 
When the finished products are not inspected, the potential loss is: 

losst  replacemenratedefect  product    finishedproduct  finishedlosst  replacemen n dpE ××=
 

(19)

The enterprise needs to decide whether to disassemble the defective finished products or 
whether to recover the qualified components or discard the defective ones. At this point, it is 
necessary to conduct a cost-benefit analysis of the disassembly strategy for defective finished 
products. When the defective finished products are disassembled, the disassembly cost is: 

sproduct  finished  defectiveydisassembl n dd ×=
 

(20)

Where Sd  is the disassembly cost per finished product. 

When the defective finished products are disassembled, the disassembly revenue is: 

part  recoveredpart  qualifiedproduct  finishd  defectiveydisassembl n dpd ××=
 

(21)

Among them, part  qualifiedp represents the probability of qualified parts after disassembly, and 

part  recoveredd represents the value of each recovered part. If the disassembly cost of the substandard 

finished products is less than the revenue, disassembly should be chosen. 
When consumers return finished products that do not meet the standards, the enterprise must 

choose between two handling strategies: direct disposal or disassembly. If the disassembly strategy 
is chosen, the following two cost factors must be considered: disassembly cost and replacement loss. 

y  valuedisassemblydisassembllogisticsydisassemblfor  return  Eddd ×+=
 

(22)

Among them, logisticsd represents the logistics cost during the return process, and y  valuedisassemblE
represents the expected revenue from the qualified components recovered through disassembly. 

Enterprises need to comprehensively calculate the costs at each stage of the entire production 
process to obtain the expected total cost: 

treplacemenydisassemblinspectionproduct    finishedinspection  partscost  total ddddE +++=
 

(23)

Among them, inspection  partsd is the cost of parts inspection, for which the expected cost is 

calculated based on whether parts inspection is selected; inspectionproduct    finishedd is the cost of finished 

product inspection, for which the expected replacement loss is calculated based on whether finished 

product inspection is selected; and ydisassembld is the disassembly cost, for which the profit or loss after 

disassembling non-conforming products is calculated based on whether disassembly is selected. The 
total production cost of the enterprise can be obtained using the following formula: 

salestreplacemenydisassemblassemblyinspection rdddddall −+++=
 

(24)

Among them, salesr  is the revenue from selling qualified finished products. 
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In order to optimise each decision step in the production process, enterprises can use dynamic 
programming to optimise the overall decision path. The specific formula for dynamic programming 
to optimise the decision path is: 

( ) ( ) ( )'
' 'min[ , ( | , ) ]

s
V s C s a P s s a V s= +  

(25)

Among them:V(s) is the value function of the state, representing the minimum expected cost 
starting from the state;C(s,a) is the immediate cost of taking actionain states; s,a)P(s |' is the state 
transition probability, the probability of transitioning from statesto state 's after taking actiona. 

There are two types of parts, and each part can be either inspected or not inspected, so there are 
a total of four strategy combinations for the parts. Each finished product can be either inspected or 
not inspected, and defective finished products can be either dismantled or not dismantled. Therefore, 
there are also a total of four strategy combinations for the finished products. In summary, there are 
16 different strategy combinations in total, each combination representing the inspection decision of 
part 1 and 2, and the inspection and dismantling decisions for the finished product. As shown in 
Table 2 for different situations and strategies. 

Table 2. Different Situations and Strategies. 

Strategy 
Inspect spare 

part 1 
Inspect spare 

part 2 
Inspect the 

finished product 

Dismantle the non-
conforming finished 

product 
1 Inspection Inspection Inspection Disassembly 
2 Inspection Inspection Inspection Do not dismantle 
3 Inspection Inspection Do not inspect Disassembly 
4 Inspection Inspection Do not inspect Do not dismantle 
5 Inspection Do not inspect Inspection Disassembly 
6 Inspection Do not inspect Inspection Do not dismantle 
7 Inspection Do not inspect Do not inspect Disassembly 
8 Inspection Do not inspect Do not inspect Do not dismantle 
9 Do not inspect Inspection Inspection Disassembly 

10 Do not inspect Inspection Inspection Do not dismantle 
11 Do not inspect Inspection Do not inspect Disassembly 
12 Do not inspect Inspection Do not inspect Do not dismantle 
13 Do not inspect Do not inspect Inspection Disassembly 
14 Do not inspect Do not inspect Inspection Do not dismantle 
15 Do not inspect Do not inspect Do not inspect Disassembly 
16 Do not inspect Do not inspect Do not inspect Do not dismantle 

Table 2 presents 16 different combinations of strategies for the inspection and handling of spare 
parts and finished products. By combining different strategies, companies can choose the most 
suitable quality control plan according to specific circumstances, making trade-offs based on cost 
constraints, resource availability, or quality requirements. These strategies can help companies 
optimise quality management and resource recovery efficiency in the production process. 

Figure 2 compares the total costs of the different strategies across the 16 scenarios. It can be seen 
that in scenarios 1-4, the situation is relatively stable, with little cost difference among the strategies. 
In these scenarios, companies can adopt more flexible inspection or dismantling strategies. In 
scenario 5, costs begin to decrease for some strategies, indicating that appropriate adjustments in 
strategy can effectively control costs. In scenario 6, costs rise sharply, suggesting that more precise 
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decisions are needed, such as effective inspection and handling measures for high defect rates, with 
dismantling cost management being particularly critical. 

 

Figure 2. Comparison of total costs under different scenarios and strategies. 

Based on the comparison of total costs under different scenarios shown in Figure 2, and 
combined with the 16 situations encountered by the enterprise in production as given in the table, 
the specific solutions for the 16 situations are as follows: 

Scenario 1: (1) For spare parts 1 and 2: Due to a relatively high defect rate and relatively low 
inspection costs, it is recommended to inspect spare parts 1 and 2 to reduce defective items entering 
the assembly stage; (2) For finished product inspection: The inspection cost of finished products is 
lower than the replacement loss, so it is recommended to inspect finished products; (3) For finished 
product disassembly: Disassembly cost is relatively low, and if defective finished products are 
detected, it is recommended to disassemble them. 

Scenario 2: (1) For spare parts 1 and 2: With a high defect rate, it is recommended to inspect spare 
parts 1 and 2; (2) For finished product inspection: Finished product inspection cost remains relatively 
low, with the replacement loss the same as in Scenario 1, so finished products inspection is 
recommended; (3) For finished product disassembly: Same as Scenario 1, disassembly is 
recommended to avoid additional losses caused by defective products. 

Scenario 3: (1) For spare parts 1 and 2: With relatively low inspection costs, it is recommended 
to continue inspecting spare parts 1 and 2; (2) For finished product inspection: Inspection cost is much 
higher than replacement loss, so finished product inspection is not recommended, instead go directly 
to market and bear the replacement loss; (3) For finished product disassembly: With relatively low 
disassembly costs, direct disassembly is recommended. 

Scenario 4: (1) For spare parts 1 and 2: with a low defect rate and low inspection cost, it is 
recommended to continue inspecting the spare parts; (2) For finished product inspection: with high 
inspection cost and high replacement loss, it is recommended not to carry out finished product 
inspection and to bear the replacement loss; (3) For finished product disassembly: with relatively low 
disassembly cost, it is recommended to perform disassembly to reduce losses. 

Scenario 5: (1) For spare parts 1 and 2: the inspection cost for spare part 1 is high, so it is not 
recommended to inspect spare part 1; the inspection cost for spare part 2 is low, so it is recommended 
to inspect spare part 2; (2) For finished product inspection: with relatively low inspection cost, it is 
recommended to continue finished product inspection; (3) For finished product disassembly: with 
relatively low disassembly cost, it is recommended to perform disassembly. 

Scenario 6: (1) For spare parts 1 and 2: with low defect rate and inspection cost, it is 
recommended not to inspect the spare parts; (2) For finished product inspection: with low inspection 
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cost and high replacement loss, it is recommended to carry out finished product inspection; (3) For 
finished product disassembly: with high disassembly cost, it is recommended to directly discard 
nonconforming finished products. 

Output the final decision table for the above 6 scenarios, with the corresponding indicator results 
shown in Table 3: 

Table 3. Corresponding indicator results. 

Situation Spare part 1 
Spare part 

2 
Finished roduct 

inspection 
Finished product 

disassembly 
Situation 1 Inspection Inspection Inspection Disassembly 
Situation 2 Inspection Inspection Inspection Disassembly 
Situation 3 Inspection Inspection Do not inspect Disassembly 
Situation 4 Inspection Inspection Do not inspect Disassembly 

Situation 5 
Do not 
inspect 

Inspection Inspection Disassembly 

Situation 6 
Do not 
inspect 

Inspection Inspection Do not dismantle 

As can be seen from Table 3, Scenarios 1 and 2 are suitable for production contexts that pursue 
high quality and low defect rates. Although inspection costs are high, they can prevent subsequent 
losses caused by defective products. Scenarios 3 and 4 are suitable for situations where the defect rate 
is relatively low and the enterprise can accept a higher defect rate. Disassembly operations can 
partially compensate for insufficient inspection but still carry high cost risks. Scenario 6, although 
saving on disassembly costs, has high replacement losses, making it suitable when the finished 
product quality is relatively good. 

4. Optimal Production Strategies for Multiprocess and Multicomponent 
Combinations 

The dynamic bayesian network (DBN) is an extension of the Bayesian networks used to 
represent stochastic processes that change over time. It establishes dependencies between states at 
each time step and is suitable for solving dynamic problems involving multiple stages and multiple 
decisions. Thus, it is possible to simulate the evolution over time of various factors in each production 
stage, such as the defective rates of different spare parts and finished products, inspection costs, 

assembly costs, and disassembly decisions, and to optimise decision-making 819248256 =×× . 
To help enterprises optimise decision-making at each stage of the production process regarding 

key steps such as inspection, assembly, and disassembly, with the goal of minimising total cost, which 
mainly includes assembly cost, inspection cost, and disassembly cost. By modelling these costs, the 
key factors affecting the total cost can be identified, enabling the formulation of effective production 
and inspection decisions. 

The objective function can be expressed as: 

ledisassemebfailureassemblydetect ddddd +++=
 

(26)

Where: detectd  is the cost of inspecting parts and finished products; assemblyd  is the assembly 

cost caused by defective products entering the assembly process; failured  is the market replacement 

loss caused by not inspecting finished products; ledisassemebd  is the disassembly cost for unqualified 

finished products. 
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The fitness function is based on the negative value of the total cost, as genetic algorithms are 
usually applied to maximisation problems, while this problem aims to minimise costs. The fitness 
calculation for each individual includes the following costs: 

(1) Inspection Cost: The inspection cost refers to the economic expenditure incurred for 
conducting inspections and tests to ensure the quality standards of parts or finished products. Such 
inspection activities are key measures to reduce the risk of defective products entering the assembly 
process and are therefore regarded as important investments to reduce losses during the assembly 
stage and the cost of market replacements. The inspection cost can be expressed by the following 
formula: 

cffci
1

idetect dddCd
n

i
⋅+⋅=

=  
(27)

Where: cid  refers to the cost of inspecting parts; cfd  refers to the cost of inspecting finished 

products; n denotes the quantity of parts; iC  indicates whether to inspect spare part i . 
(2) Assembly Cost: 

aii
1

iassembly )1( dpCd
n

i
⋅⋅−=

=  
(28)

Where: ip  denotes the defect rate of parts i ; aid  refers to the assembly cost potentially 
caused by each part during the assembly process; fC  indicates the decision variable of whether to 
inspect the finished products. 

(3) Cost of handling defective products: If finished products are not inspected, defective 
products entering the market may cause replacement losses, which can be expressed as: 

rffffailure )-1( dpCd ⋅⋅=  (29)

Where: fp  is the defect rate of the finished product, rfd  is the defective rate of the finished 
products. 

(4) Disassembly cost: For finished products determined to be defective through inspection, the 
company has the option to disassemble them to recover usable parts. The economic expenditure 
incurred in this process is referred to as the disassembly cost, which can be expressed as: 

costfledisassemeb dXd ⋅=  (30)

Where: costd  is the disassembly fee, and fX  is the decision variable indicating whether to 

disassemble the defective finished products. 
The defect rate of spare parts and finished products must not exceed a certain threshold, and the 

sequence of inspection and assembly must meet process requirements, meaning that spare parts must 
be inspected or assembled first before the inspection or assembly of finished products. 

thi pp ≤
 

(31)

Assuming that these 8192 strategy combinations are obtained by encoding multiple binary 
decision variables, the strategies can be represented using an appropriate number of bits. As 8192 
strategies can be represented 213, therefore each strategy requires 13-bit binary encoding. By solving, 
the distribution of the finished product defect rates under different strategies, comparison of the 
finished product defect rates under different strategies, comparison of the total costs under different 
strategies, and the distribution of the total costs under different strategies are shown in Figure 3, 4, 5, 
and 6 respectively. 
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Figure 3. Distribution of the finished product defect rate under different strategies. 

 

Figure 4. Comparison of the finished product defect rates under different strategies. 

 

Figure 5. Comparison of total cost under different strategies. 
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Figure 6. Distribution of total cost under different strategies. 

From the distribution of the finished product defect rates under different strategies in Figure 3, 
it can be observed that the overall finished product defect rate shows a downward trend during the 
optimisation process of the genetic algorithm. In particular, in the early stage, the rapid decline in the 
defect rate indicates that there are strategies with high defect rates in the initial population, while as 
optimisation progresses, strategies with low defect rates gradually gain dominance. In actual 
production, enterprises can quickly reduce the defective rate of finished products through early 
optimisation, thereby achieving better quality control in a short time. 

From the comparison of the defective rates of the finished products under different strategies in 
Figure 4, it can be seen that the differences in the defective rates between the strategies are significant, 
indicating that some strategies have considerable advantages in reducing the defective rates of the 
finished products. During the production process, enterprises should choose strategies with lower 
defective rates to ensure effective control of the finished product quality. 

From the comparison of total costs under different strategies in Figure 5, it can be concluded that 
the choice of strategy has a significant impact on the total cost. Some strategies reduce defective rates 
by increasing inspection and dismantling costs, while others save funds by reducing inspection costs, 
which may, however, lead to higher defective rates. Enterprises should weigh costs against quality 
according to their own needs and choose a strategy with a lower total cost and an acceptable rate of 
defective products in finished goods. 

From the comparison of total costs under different strategies in Figure 6, it can be seen that with 
the optimisation of the genetic algorithm, the initial total cost drops rapidly, indicating the existence 
of high-cost strategies in the initial population. As the number of generations increases, the total cost 
gradually converges, indicating that the algorithm [6] explored different combination strategies in 
the process of finding the optimal solution. Enterprises can use the optimisation process of the genetic 
algorithm to find an optimal production strategy that achieves an ideal balance between the total cost 
and the defective rate of finished goods, thereby improving production management. 

Since the defective rate of spare parts 1-8 is relatively high (especially parts 1, 2, 3, and 5), it is 
recommended to test parts 1, 2, 3, and 5 to reduce the subsequent defective rate of the finished goods. 
When the inspection cost is relatively low, inspection decisions can lead to significant quality 
improvement. Parts 4, 6, 7, and 8: These parts have relatively high inspection costs but also a low 
defect rate, so in most cases the inspection can be omitted. Finished products 1 and 2: The decision to 
inspect finished products should be based on the balance between the cost and the defect rate shown 
in the chart. If the defect rate is higher than 0.75, inspection should be prioritised to avoid market 
losses caused by a high defect rate. For finished products found to have a high defect rate, 
dismantling and reusing them should be prioritised to save production costs. Especially when the 
total cost is high, disassembly can effectively reduce scrapping and lower costs. 
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A summary of the specific decision plans is shown in Table 4: 

Table 4. Specific decision plans. 

Item Detection status Item Detection status 
Spare part 1 Inspection Spare part 6 Do not inspect 
Spare part 2 Inspection Spare part 7 Do not inspect 
Spare part 3 Inspection Spare part 8 Do not inspect 
Spare part 4 Do not inspect Finished product 1 Do not inspect 
Spare part 5 Inspection Finished product 2 Scrap or disassemble 

As can be seen from Table 4, for Product 1, the company may choose not to inspect due to 
confidence in the entire production process, while for Product 2, the choice of disassembly or 
scrapping is due to its higher defect rate, as further processing would result in more resource waste 
or negative market impact. For the selection of detecting spare parts and finished products, 
enterprises should continue to collect more production data and market feedback through dynamic 
models. 

5. Defective Rate Dynamic Monitoring and Decision Optimisation 
The dynamic bayesian network (DBN) is an extension of the Bayesian networks used to 

represent stochastic processes that change over time. It establishes dependencies between states at 
each time step and is suitable for solving dynamic problems involving multiple stages and multiple 
decisions. Thus, it is possible to simulate the evolution over time of various factors in each production 
stage, such as the defective rates of different spare parts and finished products, inspection costs, 
assembly costs, and disassembly decisions, and to optimise decision-making. 

Use the sampling inspection scheme in the optimal sampling inspection to determine the initial 

defect rate of each component. Initialise the state variables )(
ipart tS  of the dynamic Bayesian 

network, which represent the initial quality state of each component. 
The state at each time stepd t depends on the state of the previous moment t-1 as well as the 

current inspection and assembly decisions: 

( )part part inspect assembly ( ) ( 1), ( 1), ( 1)
i i

P S t S t A t A t− − −∣  (32)

If inspect ( 1) 1A t − =
 performs the detection, thendepends on the detection result; if no detection 

is performed, thendirectly inherits from. The state transition of semifinished and finished products 
is similar : 

( )part part inspect assembly ( ) ( 1), ( 1), ( 1)
i i

P S t S t A t A t− − −∣  (33)

The status of the semifinished products depends on the status of the currently assembled 
components, while the status of the finished products depends on the quality of the semi-finished 
products and the defect rate generated during assembly. 

At each moment t, decide whether to perform inspection and disassembly based on the system 
status )(tS . By applying Bayesian inference [1], calculate the probability of the defect rate without 
inspection, and based on this, decide whether to inspect or proceed directly with the assembly. 

The total cost consists of the inspection, assembly, and disassembly costs at each stage, as well 
as the replacement loss caused by defective products entering the market. 

( )total inspect assembly disassemble replace 
1

( ) ( ) ( ) ( )
T

t

C C t C t C t C t
=

= + + +  (34)
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By solving the dynamic Bayesian network model, optimal decisions for each stage (such as 
component inspection, assembly, etc.) can be obtained, ensuring minimisation of the total production 
cost while controlling the defect rate of the finished products. The model is solved using Matlab, and 
the corresponding defective rates are shown in Figure 7 and 8. 

 

Figure 7. Updated defective rates of spare parts and finished products under various conditions. 

 

Figure 8. Updated defective rates of spare parts, semifinished products, and finished products. 

From Figure 7, it can be seen that in all cases, the defective rate of spare part 1 fluctuates mostly 
around 0.1, with Condition 4 being lower, below 0.05. The defective rate of spare part 2 is relatively 
high in all cases, remaining between 0.2 and 0.25. The defect rate of the finished products is relatively 
low, usually between 0.1 and 0.15, while in Scenario 4 the defect rate is higher, nearing 0.18. As shown 
in Figure 8, spare parts 2, spare parts 3, and semi-finished product 2 have higher defect rates, each 
approaching or exceeding 0.2, while the updated defect rate of the finished products is 0.18, which is 
considered a medium level. 

The costs under various strategies and the losses of each spare part, semifinished product, and 
finished product are shown in Figures 9 and 10 respectively. 
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Figure 9. Costs under Various Strategies. 

 

Figure 10. Updated Defect Rates of Spare Parts, Semi-Finished Products, and Finished Products. 

Figure 9 shows that the total costs of Strategies 3, 4, 5, and 6 are relatively low, indicating that 
these strategies are more cost-efficient choices. The total costs of Strategies 7 to 16 are significantly 
higher, especially Strategies 8 and 12-16, suggesting that under these strategies, the enterprises incur 
greater costs, possibly due to higher defect rates or higher inspection and disassembly costs. From 
Figure 10, it can be seen that defective losses are higher for Spare Part 2, Spare Part 3, Semi-finished 
Product 2, and Finished Products, indicating relatively high defect rates in these items and suggesting 
that particular attention should be paid to their quality control. Spare Parts 5, 7, and 8 have lower 
defective losses, indicating lower defect rates and hence smaller losses. 

The decision plan in Table 5 shows that under different scenarios, enterprises exhibit strong 
flexibility in their inspection and disassembly decisions for spare parts and finished products. The 
choice of inspection and disassembly is based on balancing the quality of the components and 
finished products, the inspection costs, and the defective rates. 
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Table 5. New specific decision plan for Problem 2. 

Situation 
Spare part 

1 
Spare part 

2 
Finished product 

inspection 
Finished product 

disassembly 
Situation 

1 
Inspection Inspection Inspection Disassembly 

Situation 
2 

Inspection Inspection Inspection Do not dismantle 

Situation 
3 

Do not 
inspect 

Inspection Do not inspect Disassembly 

Situation 
4 

Inspection Inspection Do not inspect Do not dismantle 

Situation 
5 

Do not 
inspect 

Inspection Inspection Disassembly 

Situation 
6 

Do not 
inspect 

Do not 
inspect 

Inspection Do not dismantle 

From Table 5, it can be seen that both Component 1 and Component 2 undergo inspection to 
ensure that defective components do not enter the assembly stage, thereby maximising the assurance 
of the finished product quality. At the same time, the finished products are inspected so that all 
defective products can be promptly identified and disassembled to reduce overall losses. During the 
disassembly process, the disassembly strategy allows qualified components from defective finished 
products to be reused, reducing the impact of defective rates on the total cost. 

The recalculation yields the new sampling plan for Problem 2 and the new corresponding 
indicator results for Problem 3, as shown in Tables 6 and 7. 

Table 6. Specific new decision plan for Question 3. 

Item Detection status 
Spare part 1 Inspection 

Spare part 2 Inspection 

Spare part 3 Inspection 
Spare part 4 Do not inspect 
Spare part 5 Inspection 
Spare part 6 Do not inspect 
Spare part 7 Do not inspect 
Spare part 8 Do not inspect 

Finished product 1 Do not inspect 
Finished product 2 Scrap or disassemble 

Table 6 shows the inspection decisions made by the company during production based on the 
quality conditions of the different components and finished products. By focusing on the inspection 
of parts with high defect rates, enterprises can ensure the overall quality of the finished products 
while reducing the inspection costs. For parts that do not affect the overall quality, a no-inspection 
approach is chosen to optimise resource allocation. In addition, the handling plan for finished 
products (such as no inspection or scrapping) is optimised based on comprehensive considerations 
including quality and repair costs. 
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6. Conclusions 
The contributions of this study are multifaceted, providing effective solutions for optimising 

quality inspection and decision-making paths in electronic product manufacturing processes and 
covering the following key aspects. 

Advanced data analysis and inspection optimisation: This study combines hypothesis testing 
and sequential probability ratio test methods to deeply analyse the defect rates of different parts and 
proposes optimal sampling inspection schemes based on different confidence levels. This method 
effectively reduces the number of inspections while ensuring detection accuracy, significantly 
optimising the quality control process in electronic product manufacturing. 

Defective rate monitoring and production efficiency improvement: By combining dynamic 
programming and dynamic Bayesian networks, this study provides a comprehensive optimisation 
plan for multi-stage production processes, enabling tne dynamic monitoring of defective rates at each 
stage during production. The research results indicate that using these methods can dynamically 
adjust production strategies, improve production efficiency, reduce production losses, and achieve 
more effective quality control. 

Production and cost optimisation: The study uses genetic algorithms to optimise the 
combination problems of multiple processes and multiple components in complex production flows, 
identifying the optimal strategy combination that minimises total production costs. The optimised 
solution not only enhances the economic benefits of the production process but also reduces 
production waste while maintaining high product quality. 

Optimal Decision-making under Resource Constraints: This study addresses issues such as 
component inspection and finished product disassembly in electronic product manufacturing, 
proposing solutions based on dynamic programming and genetic algorithms. In complex production 
environments, it can help enterprises balance inspection costs with market demand under limited 
resources, ensuring efficiency and profitability in the production process. 

Recommendations for production management and supply chain optimisation: Overall, this 
study has made significant contributions to the fields of production management and supply chain 
optimisation by streamlining inspection processes, reducing defect rates, and implementing data-
driven decision-making methods. These methods and research findings provide valuable insights for 
electronic product manufacturers seeking to improve production efficiency, reduce waste, and 
increase profitability in a highly competitive market. 

Taken together, these contributions highlight the importance of data-driven decision-making 
and optimised production processes in addressing challenges in the electronic manufacturing 
industry, particularly in managing complex production workflows and reducing defect rates. 
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