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Abstract

In this study, an innovative framework integrating Bayesian posteriori updating, Z-test and hybrid
optimization algorithms is proposed for the manufacturing supply chain quality management and
multi-stage production decision optimization problem. By dynamically estimating the defective
rate of spare parts through the Bayesian method, the sampling sample size is optimized by combin-
ing with the Z-test, which ensures the decision-making accuracy and reduces the inspection cost at
the same time. For the multi-stage production process, a hybrid optimization model combining dy-
namic programming and genetic algorithm is constructed to define the semi-finished/finished
product defective rate propagation formula and the disassembly recycling value model, so as to re-
alize the global optimization of the decision-making of inspection, assembly and disassembly. The
case study shows that the method realizes the lowest cost of 6920.57 yuan in the 8-parts-2-pro-
cesses scenario, and the optimal solution tends to selective inspection and disassembly and recov-
ery. The innovativeness is reflected in the dynamic propagation mechanism of defective rate, the
hybrid Bayesian-genetic optimization framework, and the integrated modeling of whole-process
cost, which provides a decision-making tool for complex manufacturing systems with both effi-
ciency and sustainability.
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Figure 1. Simple multi-stage decision-making flowchart for two spare parts
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Table 1. Symbolic description of the model
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Input: Number of iterations of the genetic algorithm G, population size pop_size, mutation rate mut_rate.
Output: Minimum total cost Wt, Optimal decision making scheme [x1, x2, x3, x4].
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1. Initialize dynamic programming parameters.

2. Generate a randomized set of states (each state is a 4-dimensional binary decision variable).
3. Calculate the initial cost via the state transfer equation.

4. Iteratively update the dp_costs to keep the optimal paths.

5. Initialize the population, including the optimal dynamic programming solution and the stochastic solution.
6. Define the fitness function as the total costing function Wt().

7. for the number of iterations from 1 to G

8.  do Selection: select parent individuals by fitness weights.

9. Crossover: randomly select crossover points to generate offspring.

10. Variation: flip decision variables with mut_rate probability.

11. Update the population and record the contemporary optimal solution.

12. end for

13. Return Wt and the corresponding decision scheme [x1, X2, x3, x4].

14. end
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Figure 2. Relationship between model decision making accuracy and actual defect rate
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Table 2. Three scenarios in the production process of the enterprise
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Table 3. Optimal solutions and minimum costs for three production scenarios
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Genetic Algorithm Optimization: Cost Reduction over Generations
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Figure 3. Genetic algorithm optimization: generation-by-generation cost reduction
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