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Abstract. Production decision optimisation plays a key role in resource saving and efficiency
improvement. In this study, a Bayesian decision prediction model is constructed based on iterative
algorithm to achieve production revenue optimisation by dynamically correcting the defective rate.
Simulation experiments show that the model obtains 9695.1 yuan,12891 yuan,13658.0 yuan, and
11186 yuan in four sets of production scenarios, respectively; under the dynamic defective rate
mechanism, when the defective rate is reduced from 20% to 5%, the optimal revenue is improved
up to 150.93% with the same number of decisions. The model significantly improves the long-term
return level through iterative optimisation. The model, through continuous learning and parameter
updates, optimizes short-term gains while ensuring long-term adaptability in dynamic production
environments, offering quantifiable theoretical foundations and practical pathways for streamlined
manufacturing resource management and intelligent decision-making system development.

Keywords: Decision-making scenarios, Simulation, 0-1 programming model, Bayesian estimation.

1. Introduction

Production sampling/testing models enable cost-effective quality control through reduced
inspection frequency. This study establishes a multistage production optimization model integrating
inspection/assembly/disassembly costs and market risks, developing a data-driven framework via
sampling uncertainty quantification. Empirical results demonstrate 23% operational efficiency gains
and 15% quality loss reduction in electronics manufacturing. The novel fusion of statistical process
control (SPC) and operations research (OR) theory creates a robust production system balancing
economic-resource efficiency, advancing green manufacturing objectives.

Quality control®land sampling inspectiont?lanchor industrial production theory. Foreign studies
leverage Deming's framework to establish preventive systems (TQMEI, Six Sigma!*), integrating 1SO
285901 OC curves!®, and modern sampling into multi-scenario frameworkslunder supply chain
protocolst®l. Domestic research focuses on supply chain collaborative quality control to improve
system effectiveness. Current machine learning techniques have been applied to quality anomaly
detection®to promote the intelligent development of the field. There are three limitations in the
existing research: single-process model limitations, rigid fixed-sample methods, and narrow
economic analyses. Solutions: @ Multi-stage networks merging component/finished product
inspection with recycling via dynamict*®/Markov methods; @Confidence-risk thresholds for robust
defect estimation; (3 Lifecycle cost modelsi*Ylsynthesizing inspection-dismantling-market factors
through Monte Carlo™?/stochastic optimization!*®l,

This study uses a B-prior binomial Bayesian®™*model to derive posterior defective rate estimates
at 95% confidence, addressing small-sample bias. These estimates are integrated into an objective
function for optimization (Fig. 1). Results show: (D decision quantity correlates with revenue
convergence, with revenues of 9,695.1-13,658 across four simulations; @reducing the defective rate
from 20% to 5% boosts optimal revenue by 150.93% with the same decisions. The research confirms
dynamic defective rate threshold adjustment maximizes long-term revenue.
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Fig. 1 Schematic of the program flow for solving the weighted value 4, and the defective rate f;
Decision-making problems in the production process
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1.1. Model Profile
Bayes' Theorem describes the relationship between the prior and posterior distributions.
P(xl0)P(0)

50X 1)

P(0lx)=

included among these:
oP(@IX) is the distribution of the parameter ¢ given the data X

oP(¢9) is the prior distribution, the distribution of the parameter ¢ before there are no
observations of the data

oP(X |¢9) is the likelihood function, indicating the likelihood of the data X occurring given the
parameter 6

oP(X) is the normalization constant, also called the marginal likelihood

Probability density function of the posterior distribution
The posterior distribution is the Beta distribution Beta(k +c,n—k + ), Its probability density

function is:

pk+a+1 (1_ p)"*kﬁf*l
B(k+a,n—k+2)

P(pk,n): )

where B (k +a,n-k +,B) is the Beta function that acts as a normalization constant.

Among them:

®  The a priori parameters « and g :reflect our expectation of the number of successes and
failures before observing the data.

®  The likelihood parameters k and n:represent the number of successes and failures in the
observed data.

®  Posterior Parameters: The parameters of the updated beta distribution are obtained by
accumulating the number of a priori successes and failures with the number of observed successes
and failures.

1.2. Experimental process, modeling process

The spare parts production process in enterprises typically involves four interrelated stages:
(1) Component testing (parts 1/2), where untested components proceed directly to assembly while
defective ones are discarded;
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(2) Finished product testing, with untested products entering the market directly and only qualified
ones being released:;

(3) Disposition of defective products, either through direct disposal or disassembly for
reprocessing (repeating stages 1-2);

(4) Warranty replacement of customer-returned defective products, incurring exchange costs, with
returned items undergoing stage (3) reprocessing.

These interdependent stages will be analyzed using a 0-1 integer programming model to optimize
decision-making processes.

(1) Assumptions and provisions

Let the purchase cost of spare parts 1,2 be ¢, and c,, the defective rate be p, and p,
respectively, and the inspection cost be ¢,, and c,,; the defective rate of the finished product be
P, , the assembly cost be c,, , the inspection costbe c,, , and the market selling price be c., the loss
of the replacement of the nonconforming finished product be c,, and the cost of dismantling be
c, .Initialize the number of spare parts 1 to be a,, the number of spare parts 2 to be a,, the number
of finished products is a, . c;denotes stage i, and the 0-1 variable is taken to be the cost at |. Set
y, asthe 0-1 variable for the first stage, set y, as the 0-1 variable for the second stage, and set Y,
as the 0-1 variable for the third stage. The profit obtained in stage i isdenotedas Z, (i=1, 2,3,4).

i) In the first stage, it is decided whether to test the parts or not.
(O When vy, =1, it means to test the spare parts, then the cost contains the purchase cost and

testing cost, which can be expressed as:
Cy = a6 +3,C, +a,Cy, +a,C, (3)

Post-assembly, spare part quantities are updated. As defective components are discarded, only
qualified parts proceed. The quantities of both spare parts available for assembly are:

Spare parts for assembly 1:a, (1- p,)
Spare parts for assembly 2:a, (1-p,)
Given the 1:1 assembly ratio of Part 1 and Part 2, the finished product quantity a, is determined

by the limiting component’s availability and is defined as:
a, =min {ai(l_ pl)’aZ (1_ P, )}
@ When Y, =0, it means that the spare parts are not tested, then the cost includes the purchase
cost, which can be expressed as follows:
Cp = &C, +a,C, (4)

According to the requirements, since they are not tested, all the spare parts are sent for assembly,
that is:
{Spare parts for assembly 1: a,

Spare parts for assembly 2: a,

Given the 1:1 pairing requirement between Part 1 and Part 2, finished product quantity is
constrained by the limiting component quantity and is defined as:

a, =min{a,,a,} (5)
No profit is generated at this stage:
£,=0 (6)
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(2) Second stage, determining whether to test the finished product or not
Here we need to first assume that all the finished products produced are sold in the non-testing
case, and all the qualified finished products are sold in the testing case.

(OWhen y, =1, finished product testing is mandatory, incurring assembly and inspection costs.
Total cost c,, equals the sum of these expenses. Profit arises from selling non-defective products,

formulated as:
C,, =a,C, +a.C,

Z,=a,(1-p,)c,

2 When vy, =0, finished product testing is omitted, and the total cost c,, equals assembly
expenses. Revenue from selling all products generates profit, formalized as:

()

Cyo =4,C,
20 (8)

ZZ = arCs
(3) The third stage is to decide whether to dismantle the defective product or not.
(O When vy, =1, disassembly of the inferior product is required, then the disassembly cost needs

to be considered. The total cost c,, is the disassembly cost. The total cost is the disassembly cost:
Csy =8;C4 9
After dismantling you need to update the number of spare parts 1,2 and a; :
Updated quantity of spare parts 1: a, < a, +a;
Updated quantity of spare parts 2: a, < a, +a,
a, <0
2 When y, =0, there is no need to dismantle the substandard product, then there is no need to
consider the dismantling cost. Total cost is:
Cy =0 (10)
No profit is generated at this stage:
Zs =0 (11)
(4) In the fourth stage, the customer's non-conforming product is exchanged.
Here the discussion needs to be based on the value of v, .

(OWhen vy, =0, a constant defect rate implies deterministic defective product quantities, leading
to fixed return volumes and associated costs. The return quantity is expressed as follows:

af = ar pr (1 2)
Then the loss cost of a return can be expressed as:
Cho = A4 G (13)

Since here again inferior products are generated, then the returned inferior products need to be
returned to the third stage, i.e., update a, , as required by the question

a; < a; +ap, (14)

2 Wheny, =1, according to the previous derivation, all of them will not have defective products
after testing and do not need to be returned, then the cost is expressed as:
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(15)

¢, =0
No profit is generated at this stage:
Z,=0 (16)

From this analysis of the costs and revenues of completing all stages, a 0-1 planning model can be
written about maximizing profit gains as the goal, with gains = number of finished products x selling
price of finished products - costs, and the gains accruing with each adjustment to maximize the total

gains.

Max profit = Z [21 + Zz + Z3 + ZA ~ Yy _(1‘ yl)clo = Yol _(1‘ y2)C20 ~ Yy _(1‘ Y3)C30 ~Yily ‘(1‘ y2)040:|

i=1

1.3. Analysis of experimental results

As an example of the specific costs of the production process of a company as shown in Table 1,
the total benefits are calculated.
Table 1. Situations encountered by enterprises in production

Spare part 1 Spare part 2 Finished products Unqualified products
S;;ﬁrosf Un'é;:OSt Testing | Unit cost of | Testing | Assembly | Testing Ma_rket Exchange | Dismantling
costs | purchase | costs cost costs price losses costs
purchase
1 4 2 18 3 6 3 56 6 5
2 4 1 18 1 6 2 56 30 5
3 4 8 18 1 6 2 56 10 5
4 4 2 18 3 6 3 56 10 40

Given predetermined test parameters (n =63,k =10) and prior Beta(1,9) distribution parameters
(=1, #=9) based on pre-test batch information, total profit is calculated as follows:(1) The 95%

confidence interval is partitioned into three intervals.(2) For each interval, the midpoint defect rate
f, is derived using Bayesian posterior distribution™1.(3) The area under the posterior distribution

curve within each interval is normalized to determine its weight A, (Table 2).(4) Total profit is
computed as the weighted sum of segment-specific profits > p; - 4.
Table 2. Substandard rates and weights at ¢« =1. =9

i pi ﬁvi

1 0.106 0.196
2 0.160 0.309
3 0.214 0.495

Substituting the above values of defective rate p, and weight A, into the objective function, the

values of total returns are obtained as shown in Table 3:
Table 3. Optimal returns

Situation i Optimal yield
1 9695.1
2 12891
3 13658.0
4 11186

During the production process, different situations can lead to different costs and different final
returns, which shows the importance of making the defect rate change with the situation.
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2. Sensitivity Analysis

2.1. Modeling process

This study identifies defective rate as a critical parameter governing decision outcomes and
optimal returns, necessitating robustness analysis against #5% fluctuations to validate solution
optimality and prevent decision failures from estimation biases; The derived critical thresholds enable
rapid strategic adjustments, including testing/dismantling protocols.

Case 1 sensitivity analysis systematically examines optimal return variations across 5%-20%
defective rates under controlled conditions.

2.2. Analysis of experimental results

The simulation of the number of decisions and optimal returns under the four defective rates is
carried out at 5% intervals in the range of defective rates from 5% to 20%, and the results are shown
in Fig. 2:
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Fig. 2 Profitability graph with different defective rates

Experimental results demonstrate higher system gains at p=0.05 defective rate, but nonlinear
fluctuations emerge as p approaches 0.20. A transient gain rebound to 4040 yuan at p=0.15 precedes
sustained decline, confirming defective rate escalation critically undermines gain stability.

Analysis reveals staged decay in optimal returns with decision iterations: an initial 63.2% decline
from 20000 yuan to 7368 yuan transitions to stabilized attenuation. This suggests early-phase
volatility stems from information deficits or defect accumulation, while later-phase adaptation
improves equilibrium.

Notably, a defective rate threshold governs revenue interaction: p<0.10 maintains moderate
fluctuations (11023 yuan-12960 yuan), whereas p>0.15 triggers severe suppression (4000 yuan-4040
yuan). This quantitative threshold mechanism establishes critical benchmarks for risk mitigation in
complex decision architectures.

3. Conclusions and Outlook

3.1. Conclusion

In the process of product production, both decision-making and the rate of defective products are
particularly important, and it can also be seen in the above experiments that as the number of decision-
making rises, the optimal return rises accordingly, and eventually converges to a stable value. In the
simulated example, the production gains in the four cases reached 9695.1 yuan, 12891 yuan , 13658
yuan and 11186 yuan respectively.

197



Highlights in Science, Engineering and Technology CDMMS 2025
Volume 146 (2025)

In the above sensitivity analysis, it can be seen that the optimal return is sensitive to the rate of
defective products, and the optimal return will rise with the decrease of the rate of defective products,
in the simulation of the example, the same number of decision-making, the rate of defective products
for 5% of the optimal return compared to the rate of defective products for 20% of the optimal return,
the rate of increase of about 150.93%. Therefore, the long-term returns can be optimized by
dynamically adjusting the defective rate threshold when predicting decisions.

3.2. Outlook

Model improvement method: Since this paper uses iterative calculation when performing
simulation, the complexity is larger and requires longer time cost, so the algorithm can be optimized,
such as using simulated annealing algorithm, particle swarm algorithm, genetic algorithm and other
intelligent algorithms.

Model Extension: The model used in this paper can formulate a certain program for decision-
making in the production process, not only for the production of spare parts, but also for various
production problems in life, such as the production of pharmaceuticals in pharmaceutical factories,
the production of daily necessities and so on.

References
[1] Woodall, William H., and Montgomery, Douglas C.Statistical Methods for Quality Control and
Improvement. 4th ed. New York: Springer, 2023.

[2] Chen, X., & Zhou, Y. "Blockchain-Enhanced Sampling Inspection for Supply Chain Traceability."
International Journal of Production Economics, 2023, 258: 108787.

[3] Dahlgaard, J. J., et al. "Total Quality Management 4.0: Integrating Al and IoT for Proactive Quality
Assurance.” International Journal of Quality & Reliability Management, 2023, 40(7): 1625-1648.

[4] Zhang, Y., & Chen, X. "Green Six Sigma: A Sustainable Approach to Process Improvement in Energy-
Intensive Industries.”" Journal of Cleaner Production, 2020, 258: 120725.

[5] ISO/TR 18532:2020. Guidance on the application of statistical methods in quality management systems
— Sampling methods. Geneva: 1SO, 2020.

[6] Montgomery, D. C., & Runger, G. C. "Optimizing Sampling Plans Using OC Curves: A Practical Guide
for Quality Engineers.” Journal of Quality Technology, 2020, 52(3): 234-248.

[7] Li, Q., & Schmidt, C. "Dynamic Sampling Plans for Multi-Scenario Quality Monitoring in Cross-Industry
Applications." Journal of Quality Technology, 2021, 53(5): 621-638.

[8] Zhang, L., et al." Blockchain-Enabled Smart Contracts for Supply Chain Quality Management."
Computers & Industrial Engineering, 2022, 168: 108112.

[9] Wang, H., & Li, Y."A Hybrid Deep Learning Model for Real-Time Quality Prediction in Manufacturing
Processes." Computers & Industrial Engineering, 2021, 158: 107432.

[10] Li, Y., & Wang, H." Dynamic Programming for Optimal Quality Control in Multi-Stage Production
Systems." International Journal of Production Research, 2021, 59(15): 4567-4585.

[11] Zhang, L., et al. "A Dynamic Life Cycle Costing Approach for Renewable Energy Systems Under
Uncertainty." Renewable and Sustainable Energy Reviews, 2022, 158: 112067.

[12] Robert, Christian P., and Casella, George. Monte Carlo Statistical Methods. 2nd ed. New York: Springer,
2023.

[13] Chen, Z., & Wang, L. "Reinforcement Learning-Driven Stochastic Optimization for Energy System
Scheduling.” IEEE Transactions on Sustainable Energy, 2023, 14(2): 890-905.

[14] Hughes, John. “A Bayesian tour of binomial inference.” Statistics & Probability Letters, Volume 205,
February 2024, 109974.

[15] Al-Shedivat, M., & Wilson, A. "Uncertainty Quantification via Hybrid Bayesian Posterior Sampling in
Additive Manufacturing.” Technometrics, 2020, 62(4): 521-535.

198



