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Abstract. In the rapid advancement of smart manufacturing, production lines
face challenges such as inflexible resource allocation, dynamic order fluctua-
tions, and conflicting objectives. Traditional single-objective optimization meth-
ods struggle to address these complexities. This paper proposes a dynamic multi-
objective co-optimization framework integrating Constraint Satisfaction Theory
and an improved NSGA-II algorithm. Key innovations include:1.A multi-level
constraint classification model (process/resource/dynamic constraints).2.A pref-
erence-inspired weight allocation mechanism for adaptive goal prioritization.3.A
digital twin-driven feedback loop for real-time perturbation handling.Experi-
mental results from automotive welding and electronic assembly lines demon-
strate 15% cost reduction, 20% efficiency improvement, and 35.7% fewer prod-
uct switches, validating the method’s superiority over conventional approaches.

Keywords: production line optimization; multi-objective collaboration; NSGA-
II algorithm; dynamic adjustment; constraint optimization

Introduction

Industry Challenges:1. Rigid Systems: Traditional production lines prioritize static ef-
ficiency over adaptability, leading to bottlenecks under fluctuating demands 2. Con-
flicting Objectives: Cost minimization often clashes with throughput maximization,
while quality constraints further complicate trade-offs.

Our Solution: A hybrid framework combining:1.NSGA-II enhancements: Integer

encoding, boundary repair, and dynamic parameter tuning for high-dimensional com-
binatorial problems.2.CSP integration: Hierarchical constraint handling[3] to improve
feasibility rates by 107%.3.Impact: Addresses Industry 4.0 needs for agility and re-
source synergy, validated via SAIC Group's component factory trials[7]
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1.1  Positioning of the Research in this Paper

A production line is often not only used for production, a given product production line
system contains several process nodes, in order to satisfy several types of hard con-
straints (e.g., the maximum allowable processing time, the maximum allowable cost,
the required output, etc.) and types of soft constraints (e.g., defective rate, line failure
rate, etc.), need to simultaneously optimize the conflicting objective functions: maxim-
ize the efficiency, minimize the cost and the stability of the quality of the natural con-
tradiction between traditional optimization methods are often not intelligent enough to
take into account all the factors affecting the optimization. Most of the optimization
methods are often not intelligent enough to take into account all the influencing factors
to address the above problems, this paper proposes a multi-objective collaborative op-
timization framework integrating Constraint Satisfaction Theory (CSP) and the im-
proved NSGA-II algorithm, which achieves breakthroughs through the following inno-
vations:
A multi-level constraint classification model is developed to distinguish between
process constraints, resource constraints and dynamic perturbation constraints.
Designing a preference-inspired dynamic allocation mechanism for goal weights.
Introducing an online feedback optimization closure driven by digital twins[2][4].
This study provides a solution that combines theoretical rigor and engineering prac-
ticality for production line optimization in complex manufacturing scenarios, and its
methodology has been initially validated in automotive welding lines and electronic
assembly lines.

2 Multi-Objective Collaborative Optimization Model for
Production Lines

2.1 Modelling Assumptions

To meet the production requirements of the case of comprehensive consideration of the
production plan material demand time and quantity, production line maximum produc-
tion and other constraints, a reasonable allocation of different models of products in
different production lines on the production volume and production intervals, has been
achieved to achieve the best state of the production line and the most reasonable work
according to the arrangement of the work.

2.2 Optimization Objectives and Constraints

2.2.1 Core Optimization Objective System.
1. Minimization of production costs:

T M
fcost(X) = Z CPI,]

i=14=dj=1

Maximize productivity:
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Maximizing yield demand satisfaction:

min (N, Qg)

fsatisfaction (X) = Z

K|Qg>0 QK

2.2.2 Forms of Objective Function Integration.
minF (X) = [fcosr (X), _fefficiency X)> fratanceX)» — fsatisfaction X)]
1. Resource constraints:
feost X) = Ciax
Cax(cost ceiling)
2. Time constraints:
Ttotal (X) = Tmax
Tinax (total time ceiling)

3. Yield constraints.

T
max
maxlsjsM(Z. 1tpi, j) < station
i=

max

station (Single-station time limit),t,,; ; (processing time of productp; at workstation

)

4. Quality constraints:

1 T
?Z 1rpi < Rmax
i=

Rpax(Maximum average defective rate allowed)r,; (Defective rate of product pi)
5. Yield constraints:

Ne(X) = Qg VK €{0,1..,P —1} Qx>0

Q(Quantity demanded of product k)
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3 Improvements NSGA-II Algorithmic Design in
1Production Line Manufacturing

3.1 Optimizing Production Lines via Enhanced NSGA-II: CSP Fusion
and Layered Constraint Handling

To overcome traditional NSGA-II limitations[1]—inadequate discrete space handling,
a single constraint strategy, and static parameters—in production line MINLP prob-
lems, this paper proposes an improved NSGA-II framework incorporating Constraint
Satisfaction Theory (CSP). Addressing high-dimensional combinatorial characteristics,
the framework employs a four-dimensional innovative design differing from edge-
cloud collaborative architectures [5] An integer encoding scheme using one-dimen-
sional vectors for chromosomes, enhanced by boundary repair operators (e.g., boundary
uptake for out-of-bounds genes) and sequence repair mechanisms dynamically adjust-
ing illegal sequences via product type counters to satisfy integrity constraints. Addi-
tionally, 4) a three-level constraint handling model is implemented for layered pro-
cessing of production line constraints. These innovations collectively enhance search
efficiency and solution quality. as quantitatively validated in Table 1

3.2  Algorithm Performance Analysis (vs. Conventional NSGA-II)

Table 1. Performance Comparison Analysis of Improved NSGA-II Algorithm

Performance indicators Conventional improved algo- Enhance-
NSGA-II rithm ment
ti f feasible so- +107
pr(?por fon of feasible 8o 42.3 per cent 87.6 per cent per
lutions cent
-34.8
convergent algebra 230 150 pet
cent
+46.8
Pareto Front Coverage 0.62 0.91 per
cent
Degree of constraint vio- 187 42 -77.5 per

lation cent
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3.3  Effectiveness Analysis

Table 2. Comparison of optimization results:

Original pro- Optimization pro- promotion
norm

grammed grammed rate
Total production costs ¥14,780 ¥12,650 14.4 per cent
Total production time 465 minutes. 398 minutes 14.4 per cent
Number of  product . .

. 28 times 18 times 35.7 per cent

switches
Equipment utilization 71.3 per cent 85.6 per cent +14.3 per cent

As shown in Table 2, Experimental validation results from production line implemen-
tations are summarized. Addressing high-dimensional combinatorial characteristics,
the framework employs a four-dimensional innovative design [2].

Business Impact:

Cost Savings: Directly boosts profit margins in high-volume manufacturing.

Flexibility: Fewer switches enable faster order pivots

Significant improvement in key metrics of algorithm performance: 46.8 per cent im-
provement in Pareto frontier coverage and 77.5 per cent reduction in constraint viola-
tions

4 Summaries

In this paper, an innovative multi-objective collaborative optimization approach is pro-
posed to address the core challenges of production line optimization in the smart man-
ufacturing environment - multi-objective conflictive, constraint dynamics and system
synergy complexity. By integrating constraint satisfaction theory and improved evolu-
tionary algorithms, the dynamic optimal allocation of production line resources is
achieved, and the main contributions are as follows:

4.1 Methodological Innovations

A multi-level constraint classification model is proposed, which for the first time di-
vides the production line constraint system into three levels: process constraints, re-
source constraints and dynamic disturbance constraints, and improves the constraint
processing efficiency through differentiated management strategies. Establishing a dy-
namic allocation mechanism of objective weights to adaptively adjust the optimization
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weights of cost, efficiency, quality and other objectives according to the real-time pro-
duction status. Build digital twin-driven online optimization closed-loop, realizing real-
time interaction between physical production lines and virtual models, and effectively
responding to uncertainty perturbations such as order fluctuations and equipment fail-
ures.

4.2  Algorithm Breakthrough

Three core improvements were developed to address the limitations of the traditional
NSGA-II algorithm:

Discrete Space Processing Mechanism: Innovative use of integer coding scheme to
solve the high-dimensional combinatorial optimization problem through the boundary
absorption strategy and the sequence restoration technique.

Three-stage constraint processing architecture: establishment of a hierarchical pro-
cessing flow of "hard constraint repair — soft constraint punishment — dynamic con-
straint update", with a 107 per cent increase in the proportion of feasible solutions

Dynamic parameter adjustment strategy: adaptive adjustment of cross-variation
probability based on the evolutionary state of Pareto frontiers, accelerating the conver-
gence speed of the algorithm by 34.8 per cent

4.3  Value of Engineering Applications

The prototype system has the ability to adapt to multiple scenarios:

Supports co-optimization of 6-dimensional objective functions
(cost/time/yield/switching times/equipment balance/quality)

Fast response to dynamic perturbations within 5 minutes through incremental opti-
mization mechanisms

In the automotive welding production line test, the comprehensive resource utiliza-
tion rate increased by 22.1%, and the order response speed was accelerated by 31.5%.

Prospects for industrial applications

This method realizes real-time data interaction with the physical production line
through OPC-UA interface and has completed technical validation in the field of auto-
motive manufacturing and electronic assembly. Future research will expand in three
directions:

Multi-plant Co-optimization: Research on Crossline Resource Scheduling leverag-
ing edge-cloud collaboration [5] and Co-Management of Energy Consumption

Human-computer synergy mechanisms: introducing human operators' experiential
knowledge to enhance decision-making reliability

Self-evolving optimization system: combining deep learning to build a parameter
self-tuning optimization engine

This study provides a theoretically rigorous and practical solution for the dynamic
optimization of production lines in the era of Industry 4.0, and the relevant technology
has been applied in a component factory of SAIC Group, which significantly improves
the comprehensive efficiency of production lines.

Future Directions:
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ML Integration: Predictive analytics for disruption mitigation.
Cross-Plant Optimization: Energy/resource sharing across facilities.
Human-in-the-Loop: Embedding operator expertise into weight allocation[6][7].
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