Highlights in Business, Economics and Management MFEM 2024
Volume 51 (2025)

Optimizing Complex Process Decisions Using Pipeline and
Genetic Algorithms

Sirui Huang *
School of Chemical Engineering and Technology, Xi‘an Jiaotong University, Xi'an, China, 710049
* Corresponding Author Email: 2118878726 @stu.xjtu.edu.cn

Abstract. This paper aims to explore effective strategies for improving product quality and reducing
costs by optimizing production decisions in the global manufacturing industry, particularly focusing
on China, a prominent manufacturing hub. In this study, a pipeline algorithm was developed and
genetic algorithms were integrated, leveraging MATLAB's efficient computing and simulation
capabilities, to construct a comprehensive decision-making optimization model for enterprise
production. The research addresses critical challenges faced by manufacturers in the pursuit of
quality assurance and cost optimization, which is vital for maintaining international standards and
securing a competitive edge in the global market. By examining the defective rates of spare parts
and finished products, the model comprehensively evaluates quality inspection and handling
strategies throughout the production chain. Additionally, the study focuses on optimizing multi-
process operations and managing multiple parts, employing a genetic algorithm to screen out optimal
solutions efficiently. The results demonstrate that the proposed model can significantly enhance
decision-making efficiency and economic benefits, providing theoretical support and practical
guidance for the optimization and upgrading of the manufacturing industry.
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1. Introduction

As competition in the global manufacturing sector intensifies and consumer demands continue to
evolve, the pursuit of quality assurance and cost optimization [1] has become increasingly important.
This drive for efficiency is a universal challenge faced by industries globally. With economies
interconnecting, manufacturers must streamline production processes to maintain international
standards and secure a competitive edge in the global market. Research on 3D scenes is particularly
relevant [2-3], as it enhances visualization and analysis of manufacturing environments, facilitating
better decision-making and improved operational workflows. In the global context, China, a pivotal
manufacturing hub and exporter, plays a crucial role in addressing these challenges effectively.

China's manufacturing sector, which has grown exponentially over the past decades, now faces the
dual task of maintaining high-quality standards while minimizing costs [4]. This is particularly
pertinent in the context of complex production processes involving multiple stages and components
[5], where effective decision-making becomes paramount. The issue of optimizing production
decisions in such scenarios is not just a local concern but has global ramifications, as the quality and
cost-efficiency of Chinese products directly impact the international supply chain [6]. Advanced math
modeling and optimization tailored for complex manufacturing processes are strategically crucial for
both Chinese enterprises and the global economy. The present study aims to tackle this challenge by
proposing a comprehensive decision optimization model that integrates pipeline algorithms and
genetic algorithms, focusing on minimizing costs and maximizing profits for Chinese manufacturers
amidst multifaceted production complexities. Take an electronic device manufacturer as an example
[7]. Its production relies on two core parts and components, which are sourced from upstream
suppliers [8]. Product quality is highly dependent on the quality of the parts [9]: if any part is defective,
the finished product is unqualified; even if both parts are qualified, there's still a risk of defect. There
are two ways to deal with unqualified finished products [10]: disassembly (no damage and cost) or
scrapping (no additional cost).
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Recognizing the importance of tailored production decision-making schemes for enterprises, a
series of mathematical models have been developed to achieve this objective. In such a complex
context, some research questions (RQs) have been identified, as follows:

RQ1: How to design a sampling testing plan to accurately assess the defective rate of spare parts
and minimize the number of tests at a reliability level of 95%?

RQ2: How to build an integrated decision-making model to comprehensively evaluate the quality
inspection and handling strategies of parts and finished products in the production chain?

RQ3: In a complex production environment, how to conduct decision analysis on a case involving
multiple production processes and parts based on known defective rate data?

To address the RQs, a self-built Pipeline Algorithm and Genetic Algorithm were implemented:

(1). Proportion hypothesis testing based on z-test: The focus will be on proportion verification
using single-sample testing within statistical hypothesis testing. The z-test effectively assesses
differences between sample data and nominal values. In large samples, binomial distribution
approximates normal distribution per the central limit theorem, making the z-test apt. The rejection
region of the one-sided test is transformed into a functional expression that depends on the sample
size n. By introducing limit error, the relationship is visualized. Introducing limit error visualizes the
relationship. Selecting an appropriate A determines the sample size n, minimizing inspections while
meeting requirements.

(2). Production decision optimization model based on self-built assembly line algorithm: To create
an efficient decision-making system, plan four key links: Parts 1&2 testing, disassembly verification,
and quality inspection. These components are integrated into a model simulating the production chain,
focusing on net profit as the key indicator. Scenario simulations compare strategy profits to reveal
the optimal path for maximizing net profit and provide strategic recommendations.

(3). Complex process decision optimization model based on genetic algorithm: Aiming at a
specific assembly situation with 2 processes and 8 parts, based on the optimization of the RQ2 model
framework, a genetic algorithm was introduced to efficiently screen out the optimal solution from a
large number of situations and establish a decision-making basis for maximizing net profit.

2. Problem Formulation

Assuming the supplier guarantees a defective rate of spare parts <10%, the company aims to
implement a sampling testing plan with a meticulously designed protocol for accurate results while
minimizing tests. If the defective rate of spare parts exceeds the nominal value at a reliability level of
95%, the batch will be rejected to maintain quality standards. Using comprehensive data on defective
rates, the author will develop an integrated decision-making model to thoroughly assess the
production chain. This model covers critical stages: quality inspection of parts, finished product
assessment, and strategies for handling defects, including scrap or disassembly decisions.
Furthermore, the company commits to unconditionally replacing any unqualified finished products
reported in the market, bearing all associated costs for these replacements. Given the complexities of
an m-process, n-component production environment, this study focuses on a case with 2 processes
and 8 parts. This case will resolve specific challenges, establishing a robust decision-making
foundation and identifying key performance indicators. Through this approach, the study aims to
provide actionable insights that enhance operational efficiency and product quality.

3. Methodology

3.1. The establishment of sampling detection model of proportion test based on z-test (RQ1)

This problem involves a single population proportion test for binary events (defective accessories).
The sampling distribution follows a binomial distribution. Given the large number of spare parts
required, if the sample size meets large sample criteria np, = 5and n(1 —p,) = 5, it can be
approximated as a standard normal distribution.

49



Highlights in Business, Economics and Management MFEM 2024
Volume 51 (2025)

The null and alternative hypotheses for the proportion test are:
{H05 P = Do
Hy:p > po’
It is easy to know that the above form of hypothesis test is a right-hand hypothesis test.

Because it is a large sample situation, the statistic p approximately follows a normal distribution,
the population follows a binomial distribution, and the test statistic for the population proportion is:

P—Po

JW (2)

where, p, is the nominal value, which is 10% according to the question; n is the sample size.
For a one-sided hypothesis test, the rejection region is:

_ P~Dpo

Z = Z
obs Po(1-po) > La> (3)
N n

where, Z,,, isthe observed value and Z, is the critical value.
By rearranging the formula and using functions to express n's condition, this study obtain:

1)

7Z =

ZaPo(1-Do)
—_—— =y, 4
(p—p0)? ()

Substituting p, = 10% vyields Z, = 1.65. Plugging this into equation (4) gives:

Zg?po(1-po) _ 1.652%0.09
= — 5
Y (P—P0o)? (p—0.10)2° (5)

where (p — 0.10)2, defining the sampling limit error A2. A function graph can be drawn.
Obtaining characteristic values determines the relationship between A and sample size n. Choosing
the right A determines the optimal sample size for the current minimum sampling detection plan.

3.2. The establishment of decision optimization model Based on the Pipeline Algorithm (RQ2)

Construct a quasi-assembly pipeline model with net profit as the decision indicator. The cost of
purchasing spare parts and testing is:

Cl = 12=1(niCpurchase_i + diniCtest_i)J (6)

where Cpyrcnase i 1S the purchase price, Cys ; is the testing cost, and d; decides testing. If
Ceest < Leestr, d; = 1; otherwise, d; = 0. Detection cost C.g ; and undetected loss L, are:

Crest = NiCrest i
i (7)

Ltestl = nipiCreplacea

where, Ciepiace 1S the replacement loss. The following is an analysis of the steps of assembling parts
into finished products. The number of finished products n can be expressed as:

n =min{(1 —d;p)n;}, (i = 1,2), )

where, p; is the defective rate of spare parts.
The cost of assembling parts into finished products is C,:

CZ = nCassemblya (9)

where, Cygsembly 1S the assembly cost of the finished product.
After assembling the finished product, the inspection and disassembly cost C; is:

C3 = dnCrese j + AnCres jPjt;, (10)
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where Cis; j denotes the finished product’s inspection cost, with pj, t;, and d defined as
follows.

The potential defective rate p; in the above formula represents the complement of all parts and
finished products that are non-defective after excluding the defective parts:

p;=1-1-p)IE.(1-p), (11)

where, p; is the defective rate of finished products.
The decision variable for whether to inspect each semi-finished product is d, when Ci.s ; <
Liests j, d = 1; otherwise d = 0. The loss caused by not testing is L¢eg

Ltestl_j = np]"Creplace- (12)
Assuming sunk costs before the node are ignored, the node will only be demolished if demolition
costs exceed expected benefits. Using decision variable t;, t; =1 if Cyisassemble < Raisassembler €1S€
ti = 0. Rgisassemble 1S the expected return:
Ryisassemble = 6 21 Cpurchase.i- (13)
The steps are iterated until conditions are met. The decision indicator NetProfit is calculated as:
NetProfit = n * Psgies — Crotat> (14)

where, P, 1S the market price of the finished product, and the total cost C;,tq; 1S C; + C, +
Cs.

3.3. The establishment of complex process decision-making optimization model based on
genetic algorithm (RQ3)

Design a decision-making scheme for optimizing multi-process operations and managing parts,
focusing on efficient inspection and disassembly for higher efficiency and returns. A multi-stage model
minimizes costs while ensuring supply, guided by net profit. Assume the assembly involves Semi-
Products 1(from Parts 1-3), 2(from Parts 4-6), and 3(from Parts 7-8), which are then assembled into
the final product.

Assume the company regularly buys various spare parts in equal quantities to complete a product,
with each link having a defective rate p;. The cost of purchasing spare parts and testing is:

¢ = Z?:l(nicpurchase_i + diniCtest_i)f (15)

where Cpyrcnase i 1S the purchase price and Cq ; is the testing cost of each spare part, d;
decides whether to test: d; = 1 if Cipgt < Ltesers €15e d; = 0.
The detection cost C;.s; and the loss caused by not detecting L., in the above formula are:

Crest = niCtestiv
(16)
Ltestl = nipiCreplacea
where, Ciepiace 1S the replacement loss. The following is an analysis of the steps of assembling spare
parts into semi-finished products. The number of semi-finished products n; can be expressed as:

n; = min{(1 — d;p;))n;}, = 1,2,3). (17)
The cost of assembling parts into semi-finished products is C,:
CZ = Z?:l(njcassembly_j): (18)

where, Cygemply_j 1S the assembly cost of each semi-finished product.
After assembling the semi-finished product, the inspection and disassembly cost C; is:
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C3 = X3-1(dn;Crest j + din Caisassempie iP} ) (19)

where, Cis j 1S the inspection cost of each semi-finished product, Cyisassemplc j IS the
disassembly cost of each semi-finished product, and the meanings of p}, t;, and d; are as follows.
p;j denotes the potential defective rate excluding flawed parts and semi-finished products:

pj=1—(1-p)II. 1 —p). (20)
The decision variable d; determines whether to inspect each semi-finished product: d; = 1 if
Ctest < Lteser, €lse d; = 0. The testing cost Cys, and loss Ly, are:

Crest = n; Ctest_ja
, (21)

Liestr = njpjcreplace_j'
Assuming pre-node costs are sunk, the node will only be demolished if demolition costs exceed
expected benefits. The decision variable t; is: t; =1 if Cyisaseemble < Raisassemble» €158 t; = 0.

Disassembly cost Cyigassempie @Nd expected benefit R giqussemble are:

_ ’
Cdisassemble = n;p; Cdisassemble BE
imax (22)

R gisassemble = tj % Cpurchase_ia

i=lmin
Repeat the steps only when conditions are met. Next, analyze assembling semi-finished products
into finished ones. The count of finished products is:

ny, = min{(1 — d;p;)n;}. (23)
The cost of assembling semi-finished products into finished products is expressed as C,:
C4 =Ny Cassembly_k: (24)

where 71, and  Cygemply  FePresent the number of finished products and assembly cost,

respectively.
After assembling the finished product, the testing, disassembly cost and replacement loss Cs are:

Cs = dinyCrest k + Mk Creprace kPk + Mk Caisassemble kP ko (25)

where py, is the potential defective rate, d, decides inspection, and t, decides dismantling of
each finished product.
The potential defective rate is expressed as:

pi =1- 1 —p) 21— p) [1=:(1 — ). (26)

The decision variable d, is: dy =1 if Ciost < Lieser, €16 dy = 0.
In the formula, testing cost C;.s; and loss L;.s:, for not testing finished products are:

Crest = N ?test_ka @7
Liestr = nkkareplace-
The binary decision variable t, (0 or 1) determines disassembly: t, = 0 if disassembly cost
exceeds expected benefit, else t;, = 1. CostS Cyisassemble @Nd beENefits R gicacsemble are:

_ !
Cdisassemble = NgPy Cdisassemble7k9
(28)

J— imax
Rdisassemble - tk Zi:imin Cpurchase_i'

Then iterate again, and the iteration ends when the conditions are met. Finally, the net profit
NetProfit of the decision-making indicator is obtained by the method of ‘net profit = profit — cost’:
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NetProfit = ny * Psgies — Crotals (29)

where, Py, is the market price of the finished product, and the total cost Cypeq; iS Yneq C-

The optimal solution is selected using genetic algorithms, inspired by evolution's principles, select
the optimal solution by mimicking genetic information transmission. Initialization sets counter g=1,
max iterations G, and generates population P(1) of size NP. It calculates fitness, selects the best via
selection, creates new individuals via crossover, applies mutation to get P(t+1), and recalculates fitness.
If g < G, it repeats; otherwise, it terminates with the fittest individual as the solution.

4. Result Analysis and Discussion

4.1. Analysis of sampling detection model of proportion test based on z-test (RQ1)

For the constructed function y = 1.652 x 0.09/A2, taking the limiting error A= |p — 0.10]| as
the independent variable, the corresponding relationship between A and the critical value of the
sample size n is obtained, as shown in Table 1.

Table 1. Some critical values of A and n

A Critical value of sample size n
0.10 24.5025
0.05 98.0100
0.01 2450.2500

With A setto 0.05, it is evident that a minimum of 98 samples should be drawn.

4.2. Analysis of decision optimization model Based on the Pipeline Algorithm (RQ2)
Table 2. Three practical situations to be solved

Spare parts 1 Spare parts 2 Finished Product  UAUaITed finished
Conditi products

ons DefectiPurcha Testi DefectiPurcha Testi Defecti Assem Testi Mark
ve se ng ve se ng ve bly ng et

Exchange Dismantling

. . - loss costs
rate price costs rate price costs rate cost costs price

1 10% 4 2 10% 18 3 10% 6 3 56 6 5

2 20% 4 2 20% 18 3 20% 6 3 56 6 5

3 10% 4 2 10% 18 3 10% 6 3 56 30 5

Table 2 presents three practical conditions, and the results obtained using the model constructed in
RQ2 are shown in Table 3.

Table 3. Results of RQ2

Dismantling of

. Inspection Inspection Inspection of e gD Net profit
Conditions parts 1 parts 2 finished products unqualified finished /($/unit)
products
1 No No Yes No 16.48
2 Yes Yes Yes No 6.69
3 No No Yes No 16.46

53



Highlights in Business, Economics and Management MFEM 2024
Volume 51 (2025)

4.3. Analysis of complex process decision-making optimization model based on genetic
algorithm (RQ3)

Take a practical example and use the model constructed above to solve the problem. Assume that
the defective rate of the finished product is 10%, the assembly cost is $8, the inspection cost is $6, the
disassembly cost is $10, the market price is $200, and the exchange loss is $40. Additional information
is provided in Table 4.

Table 4. Information about spare parts and semi-finished products
Spare Defective Purchase Testing Semi-finished Defective Assembly Testing Disassembly

parts rate price costs products rate cost costs costs
1 10% 2 1
2 10% 8 1 1 10% 8 4 6
3 10% 12 2
4 10% 2 1
5 10% 8 1 2 10% 8 4 6
6 10% 12 2
7 10% 8 1 3 10% 8 4 6
8 10% 12 2

Genetic algorithm was used to optimize the assembly line simulation. After 28 iterations, 28 sets of
optimal solutions and net profits were obtained. As shown in Table 5, the final solution was obtained
after comprehensive analysis.

Table 5. Final decision

Dismantling of
unqualified finished
products

Spare parts Semi-finished Finished  Disassembly of semi-
inspection  product inspection product testing  finished products

All spare parts

are not tested No impact No impact No impact Disassembly

The maximum net profit is $118,4000 per unit.

5. Conclusions

This paper proposes an enterprise production decision model by optimizing production decisions,
integrating self-built assembly lines with genetic algorithms. It includes a sampling inspection model
using z-test to minimize inspections, a comprehensive evaluation of quality inspection strategies based
on assembly line algorithms, and the use of genetic algorithms for multi-process production strategy
design. Results demonstrate improved decision-making efficiency and economic benefits, providing
theoretical and practical support for manufacturing optimization. Future research could explore model
applications in diverse manufacturing sectors and integrate Al/ML technologies for further refinement.
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