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Abstract 

Modern manufacturing increasingly demands the simultaneous optimization of multiple, often conflicting 

responses, such as mechanical performance, energy efficiency, cost, and sustainability. These challenges 

are more pronounced in advanced material systems, including biopolymers and fiber-reinforced composites, 

where nonlinear process–property interactions govern the final performance. This review presents a 

structured and analytical examination of multi-objective optimization strategies in manufacturing, tracing 

their evolution from classical evolutionary algorithms to deterministic parameter-free methods and, more 

recently, to quantum variational approaches. Genetic algorithms and Rao-based techniques are discussed in 

terms of convergence behavior, computational complexity, and robustness in handling nonlinear, multi-

parameter systems. The emerging role of the quantum approximate optimization algorithm is then examined 

within a variational framework capable of exploring high-dimensional solution landscapes through hybrid 

quantum–classical computation. By comparing these methodologies under a unified mathematical 

formulation, the review highlights their suitability for complex manufacturing problems, particularly in 

sustainable composite processing. Current limitations, benchmarking gaps, and scalability concerns are 

critically analyzed. The study concludes by outlining future research directions toward quantum-enabled 

smart manufacturing systems capable of adaptive, multi-response optimization in environmentally 

responsible material design. 

Keywords: multi-objective optimization, manufacturing systems, genetic algorithm, Rao algorithm, 

QAOA, quantum optimization, biopolymer composites, sustainable manufacturing, and variational 

methods. 

 

1. Introduction 

1.1 Complexity of Modern Manufacturing 
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Manufacturing systems have evolved into highly interconnected environments in which material behavior, 

processing parameters, and performance outcomes are tightly coupled[1]. Modern production lines, 

particularly those involving advanced composites and sustainable materials, such as biopolymer-based 

systems, operate under nonlinear and multi-parameter dependencies[2]. Small variations in curing 

temperature, reinforcement content, or processing speed can significantly alter mechanical, thermal, and 

structural characteristics. This intrinsic sensitivity transforms manufacturing optimization into a high-

dimensional problem in which interactions among variables must be carefully balanced. As production 

systems become more data-driven and digitally integrated, the need for mathematically grounded 

optimization frameworks becomes increasingly critical[3]. 

 

1.2 Multi-Response Challenges 

In contrast to single-objective scenarios, real manufacturing processes require simultaneous improvement 

of multiple responses[4]. Strength, impact resistance, energy efficiency, cost, and environmental footprint 

often compete with one another. In biopolymer composite fabrication, for instance, enhancing stiffness may 

influence ductility, whereas improving thermal stability may increase processing energy demands[5]. Such 

trade-offs demand multi-objective formulations capable of navigating Pareto-optimal regions rather than 

isolated optima. The resulting response landscapes are frequently nonlinear, multimodal, and constraint-

bound, making analytical solutions impractical. Consequently, robust computational strategies are essential 

for identifying balanced solutions that simultaneously satisfy engineering and sustainability 

requirements[6]. 

1.3 Limitations of Classical Optimization 

Traditional optimization techniques, particularly gradient-based and deterministic mathematical 

programming approaches, rely on smoothness assumptions and differentiable objective functions[7]. 

However, manufacturing systems often exhibit discontinuities, discrete–continuous mixed variables, and 

complex constraints. Classical methods struggle to escape local optima and may fail when the search space 

is irregular or nonconvex[8]. The Design of Experiments and regression modeling improve our 

understanding but cannot independently explore large parameter domains efficiently[9]. As manufacturing 

complexity increases, the limitations of purely analytical optimization approaches become more evident, 

prompting the adoption of global search techniques[10]. 

1.4 Rise of Evolutionary Algorithms 

The need for flexible and global optimization methods has led to the widespread adoption of evolutionary 

algorithms. Genetic Algorithms (GA) introduced population-based search mechanisms capable of handling 

nonlinear, multi-objective problems without requiring gradient information[11]. Subsequently, 

deterministic parameter-free methods, such as the Rao algorithms, emerged, offering simplified update 

rules with reduced computational overhead[12]. These approaches have demonstrated improved robustness 

in machining optimization, composite fabrication, and sustainable manufacturing contexts. Their ability to 

navigate multimodal landscapes has positioned them as practical tools for real-world industrial 

problems[13]. 
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1.5 Emergence of Quantum Variational Methods 

Recent advances in computational science have introduced quantum-inspired and variational quantum 

algorithms as promising alternatives for complex optimization[14]. The quantum approximate optimization 

algorithm (QAOA) reformulates optimization problems into Hamiltonian-based representations and 

employs hybrid quantum–classical loops to explore solution spaces[15]. This framework enables broader 

search coverage and potentially faster convergence in high-dimensional, nonlinear systems. As illustrated 

in Figure 1, optimization methodologies have progressed from traditional deterministic strategies to 

evolutionary algorithms, parameter-free methods, and finally, quantum variational techniques. This 

evolution reflects the growing demand for computational models capable of addressing the intricate, multi-

response challenges inherent in modern and sustainable manufacturing systems[16]. 

Figure 1. 

Evolution of Optimization Methods in Manufacturing 

 

2. Mathematical Foundations of Multi-Objective Manufacturing Optimization 

2.1 General Multi-Objective Formulation 

Manufacturing processes are inherently governed by multiple, interdependent performance criteria[17]. 

These systems can be mathematically described by defining a decision vector 𝑥 = [𝑥1, 𝑥2, … , 𝑥𝑛] , 

representing controllable variables such as material composition, curing temperature, reinforcement ratio, 

or processing time[18]. The optimization task is expressed as 

Optimize 𝐹(𝑥) = {𝑓1(𝑥), 𝑓2(𝑥),… , 𝑓𝑘(𝑥)} 

 

where each objective function corresponds to a measurable response: mechanical strength, thermal stability, 

cost efficiency, or environmental footprint. As illustrated in Figure 2, manufacturing optimization operates 

through a structured flow in which process parameters are translated into mathematical models, which 

generate multiple response functions, ultimately leading to a set of optimal trade-off solutions[19]. 

2.2 Pareto Optimality 
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In multiresponse systems, a single absolute optimum rarely exists. Instead, the solutions are evaluated based 

on Pareto dominance[20]. A design is considered Pareto optimal when no objective can be improved 

without compromising with another objective. The resulting Pareto frontier represents a family of balanced 

solutions, offering engineers flexibility in selecting parameter combinations aligned with functional or 

sustainability priorities[21]. 

2.3 Scalarization Methods 

To enable computational searching, vector objectives are often converted into scalar representations[22]. 

Weighted sum techniques, desirability functions, and gray relational grades are widely adopted strategies. 

These approaches combine normalized objectives into a single composite index while preserving the trade-

off behavior[23]. A comparative overview of such mathematical treatments across optimization paradigms 

is summarized in Table 1, which categorizes formulations, constraint mechanisms, and application contexts. 

2.4 Constraint Handling 

Manufacturing optimization is bounded by physical, operational, and safety limits. Constraints are 

incorporated through penalty formulations, feasibility restoration strategies, and bounded search domains. 

Effective constraint handling ensures that the resulting solutions remain both mathematically optimal and 

physically realizable in industrial practice. 

 

Figure 2. General Framework of Multi-Objective Optimization in Manufacturing 

 

 

Table 1. Mathematical Formulations Used in Manufacturing Optimization 

Method 
Objective 

Handling 

Constraint 

Strategy 
Variable Type 

Application 

Domain 

Gradient-

Based 

Optimization 

Single-objective 

or scalarized 

multi-objective 

Lagrange 

multipliers, 
Continuous 

Process 

parameter 
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formulation 

using weighted 

aggregation 

penalty 

functions 

tuning, thermal 

control systems 

Design of 

Experiments 

(RSM-based 

Models) 

Regression-

based response 

modeling with 

desirability or 

composite 

indices 

Bound 

constraints 

within 

experimental 

design space 

Continuous 

(limited levels) 

Composite 

fabrication, 

machining 

optimization 

Genetic 

Algorithm 

(GA) 

Population-

based multi-

objective search 

using Pareto 

ranking or 

weighted fitness 

Penalty-based 

feasibility 

enforcement 

Continuous and 

discrete 

Machining, 

additive 

manufacturing, 

sustainable 

materials 

processing 

Rao Algorithm 

(Rao-1/2/3) 

Deterministic 

improvement 

toward best 

solution using 

scalarized 

objective 

Boundary 

control and 

feasibility 

correction 

Continuous 

Tool wear 

prediction, 

composite 

property 

balancing 

Quantum 

Approximate 

Optimization 

Algorithm 

(QAOA) 

Hamiltonian 

encoding of 

scalarized 

multi-objective 

function 

Implicit 

constraint 

embedding in 

cost 

Hamiltonian 

Discretized 

(binary/qubit 

representation) 

High-

dimensional 

manufacturing 

optimization, 

emerging 

quantum-

enabled design 

 

 

3. Evolutionary Algorithms in Manufacturing 

3.1 Genetic Algorithm 

The genetic algorithm (GA) draws inspiration from natural selection and evolves a population of candidate 

solutions through iterative refinement[24]. In manufacturing optimization, decision variables, such as 

material composition, cutting speed, curing temperature, and reinforcement ratio, are encoded into solution 

vectors. Fitness evaluation guides the selection, whereas crossover and mutation introduce diversity. This 

population-based search enables the GA to navigate complex, nonlinear landscapes without gradient 

information[10]. 

 

3.2 Multi-Objective GA 
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To address simultaneous performance targets, multi-objective variants, such as NSGA-type frameworks, 

employ Pareto ranking and crowding distance strategies[25]. Instead of producing a single optimum, these 

methods generate a spectrum of non-dominated solutions, allowing engineers to balance strength, cost, 

energy consumption, and sustainability in composite and process designs. 

3.3 Applications 

Genetic Algorithm-based optimization has found broad relevance across manufacturing domains where 

parameter interactions are complex and highly nonlinear. In machining processes, genetic algorithms assist 

in identifying optimal cutting speeds, feed rates, and tool geometries to balance surface quality and 

productivity. Within additive manufacturing, it supports the regulation of layer thickness, temperature, and 

infill density to enhance structural integrity. In composite and biopolymer processing, genetic algorithms 

contribute to optimizing curing conditions, reinforcement content, and fabrication variables to achieve 

balanced mechanical performance. Its adaptability makes it particularly suitable for sustainable material 

systems characterized by uncertain or coupled response behavior. 

3.4 Strengths and Limitations 

The principal strength of GA is its global search capability, which enables exploration beyond local optima 

without requiring gradient information. However, its effectiveness depends on an appropriate parameter 

configuration, and large population sizes or extended generations can increase the computational demands 

in high-dimensional manufacturing problems. 

 

4. Rao Algorithms in Manufacturing 

4.1 Rao-1 Update Mechanism 

The Rao-1 algorithm represents a minimalist yet powerful optimization strategy based on a simple 

deterministic principle[26]. Instead of relying on crossover or mutation operators, each candidate solution 

is progressively adjusted toward the best-performing member of the current population. This direct 

movement toward superior solutions eliminates the need for algorithm-specific control parameters, thereby 

reducing structural complexity while preserving search effectiveness[27]. The absence of tuning constants 

makes Rao-1 particularly attractive for manufacturing problems, in which stability and repeatability are 

essential. 

4.2 Variants 

Enhanced versions, such as Rao-2 and Rao-3, introduce additional interactions among randomly selected 

population members. These modifications improve solution diversity and prevent premature convergence, 

particularly in multimodal search spaces. 

 

 

4.3 Applications 



 
  International Journal Of Innovative Trends In Multi Disciplinary Scientific Research 

ISSN (Online): 3139 – 2687 

(www.ijtmsr.co.in) Volume 9, Issue 6, 2026 

 

1318 
 

 

 

 

Rao-based techniques have been successfully employed in tool wear estimation, composite parameter 

optimization, and energy-aware manufacturing systems, in which computational efficiency is critical. 

4.4 Convergence Characteristics 

Compared with evolutionary algorithms, Rao methods typically demonstrate smoother and faster 

convergence, although their exploration depth may vary depending on problem dimensionality and 

landscape complexity. 

 

5. Quantum Variational Optimization in Manufacturing 

Quantum variational optimization introduces a hybrid computational paradigm capable of addressing 

complex nonlinear manufacturing problems. 

 

5.1 QAOA Mathematical Formulation 

The quantum approximate optimization algorithm (QAOA) reformulates a multi-objective problem into a 

Hamiltonian representation, wherein the objective function is embedded within a cost operator[28]. The 

algorithm prepares a parameterized quantum state and iteratively minimizes the expectation value of this 

operator through classical updates. As illustrated in Figure 5, the optimization proceeds through a closed 

loop: a classical optimizer adjusts the variational parameters, the quantum circuit evaluates the cost 

landscape, and the measurement outcomes guide subsequent refinements. This structure enables the 

efficient exploration of high-dimensional solution spaces[29]. 

5.2 Variable Encoding 

Manufacturing parameters, such as composition ratios or curing temperatures, are first discretized and then 

encoded into binary strings and mapped onto qubits. This transformation, illustrated in Figure 6, converts 

continuous process variables into quantum-representable states, thereby allowing the algorithm to operate 

within a computational Hilbert space. 

5.3 Hybrid Optimization Loop 

The synergy between quantum state preparation and classical parameter tuning ensures iterative 

convergence toward optimal solutions while maintaining computational adaptability. 
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Figure 5. 

Hybrid Quantum–Classical Loop in QAOA 

 

5.4 Potential in Manufacturing 

QAOA offers promising advantages for sustainable composite fabrication and multi-response optimization, 

particularly in scenarios where conventional algorithms encounter multimodal or high-dimensional 

constraints[30]. 

 

 

Figure 6. Encoding Manufacturing Parameters into Qubits 

 

6. Comparative Analytical Framework 
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A structured analytical comparison is essential for understanding the behavior of different optimization 

paradigms under complex manufacturing conditions. This section evaluates the Genetic Algorithm (GA), 

Rao methods, and QAOA across convergence dynamics, computational effort, scalability, and multi-

objective capability. 

6.1 Convergence Comparison 

GA typically exhibits gradual improvement as population diversity and stochastic operators guide the 

search through successive generations. Rao algorithms tend to converge more smoothly because of their 

deterministic update mechanism, which consistently moves solutions toward the best candidate. QAOA, 

operating within a variational quantum framework, can demonstrate accelerated convergence when the cost 

landscape is efficiently encoded, particularly in high-dimensional scenarios. 

6.2 Computational Complexity 

GA requires repeated fitness evaluations across populations, which increases the computational load. The 

Rao methods reduce this burden by avoiding crossover and mutation operations. QAOA shifts the 

complexity toward quantum circuit preparation and measurement, with classical optimizers managing 

parameter updates. 

6.3 Scalability 

Both the GA and Rao scale are effective on classical hardware for moderate-to-large problems. The QAOA 

scalability remains dependent on the available qubit resources and hardware maturity. 

6.4 Multi-Objective Handling 

All three methods accommodate multi-response optimization through scalarization or Pareto strategies. A 

detailed comparison of these criteria is summarized in Table 4, which highlights the methodological 

distinctions relevant to sustainable manufacturing optimization. 

Table 4. Analytical Comparison of GA, Rao, and QAOA 

Criterion GA Rao QAOA 

Convergence Speed Moderate Fast Very Fast 

Parameter Tuning Required None Moderate 

Scalability High High Limited 

Hardware CPU CPU Quantum 

Suitability for Sustainable 

Composites 
High High Emerging 

 

7. Applications in Sustainable and Biopolymer Composite Manufacturing 

7.1 Optimization Challenges 

Biopolymer matrices often exhibit nonlinear curing kinetics, moisture sensitivity, and variability in fiber–

matrix adhesion. Processing variables, such as reinforcement content, temperature, pressure, and mixing 
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time, interact in complex ways, influencing mechanical strength, thermal resistance, and durability. 

Achieving stable and reproducible properties under these coupled effects requires robust computational 

search strategies[31]. The structured relationship between fabrication parameters and performance 

responses is illustrated in Figure 7, which outlines a unified optimization framework tailored for composite 

manufacturing. 

7.2 Multi-Response Nature 

Biopolymer composites must simultaneously satisfy strength, stiffness, impact resistance, energy efficiency, 

and environmental criteria. Enhancing one attribute can influence others, creating trade-offs that necessitate 

Pareto-based or scalarized optimization formulations. This multi-response characteristic defines the need 

for advanced algorithms capable of exploring nonlinear and constrained design spaces[32]. 

7.3 Algorithm Suitability 

Evolutionary methods, such as GA, provide a global search capability, whereas Rao algorithms offer 

efficient deterministic refinement. Emerging quantum-inspired strategies introduce new possibilities for 

high-dimensional exploration. A comparative summary of reported optimization studies in this domain is 

presented in Table 5, which highlights the trends, materials, and methodological advances in sustainable 

composite manufacturing. 

 

Figure 7. Multi-Objective Optimization Framework for Biopolymer Composite Manufacturing 

 

Table 5. Reported Optimization Studies in Biopolymer Composite Manufacturing 

Material 

System 

Algorithm 

Used 
Objectives Key Findings Reference 

PLA / Natural 

Fiber (FDM) 

NSGA-II 

(MOGA) 

Maximize 

tensile 

strength & 

minimize 

warpage 

Identified optimal print 

temperature and infill 

improving mechanical 

balance 

[33] 
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Flax/Bio-

epoxy 

Composite 

Genetic 

Algorithm 

Maximize 

flexural 

strength & 

minimize 

curing time 

Reduced curing cycle 

with maintained 

structural integrity 

[34] 

Natural Fiber 

Reinforced 

PLA 

Multi-

objective GA 

Strength–

stiffness 

optimization 

Improved fiber fraction 

for mechanical–weight 

trade-off 

[35] 

Glass/Natural 

Hybrid 

Laminate 

Rao 

Algorithm 

Maximize 

strength & 

minimize cost 

Demonstrated faster 

convergence than GA 
[36] 

Sustainable 

Composite 

Panel 

Rao-1 

Multi-

response 

mechanical 

optimization 

Achieved stable 

deterministic 

convergence 

[37] 

Natural Fiber 

Laminate 

Rao-based 

Metaheuristic 

Strength–

thermal 

balancing 

Reduced iteration count 

vs evolutionary 

methods 

[38] 

Engineering 

Composite 

Model 

QAOA 

Multi-

objective 

parameter 

optimization 

Demonstrated 

accelerated 

convergence in high-

dimensional search 

[28] 

Composite 

Structure 

Optimization 

Variational 

Quantum 

Algorithm 

Structural 

performance 

optimization 

Hybrid quantum-

classical framework 

improved search 

robustness 

[39] 

Sustainable 

Material 

System 

Quantum-

Inspired 

Optimization 

Mechanical–

energy trade-

off 

Enhanced global 

exploration for 

nonlinear systems 

[40] 

 

8. Hybrid and Emerging Approaches 

The evolution of manufacturing optimization is increasingly shaped by hybrid computational architectures 

that combine classical intelligence with advanced learning and quantum-inspired paradigms. 

8.1 GA and Surrogate Models 

The integration of genetic algorithms with surrogate modeling techniques, such as response surface models, 

neural networks, or Gaussian processes, significantly reduces the computational cost in complex 

manufacturing systems. Instead of evaluating expensive physical or finite element simulations repeatedly, 

the surrogate acts as a response landscape approximator. This combination preserves the global exploration 

ability of GA while accelerating convergence, and it is particularly valuable in composite and biopolymer 

processing, where experiments are resource-intensive. 

8.2 Rao + AI 
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Rao algorithms, with their parameter-free structure, effectively adapt to AI-assisted environments. When 

coupled with machine learning predictors, rao-based optimization can refine the solution regions identified 

by predictive models. This synergy enhances stability while maintaining computational simplicity, making 

it suitable for real-time process tuning in sustainable manufacturing. 

8.3 Quantum-Inspired Methods 

Quantum-inspired metaheuristics extend classical optimization by mimicking superposition and 

probabilistic search behaviors. These approaches improve exploration across multimodal surfaces without 

requiring full-scale quantum hardware. 

8.4 Digital Twin Integration 

As illustrated in Figure 8, the future architecture of quantum-enabled smart manufacturing integrates digital 

twins, AI-driven predictive modeling, and hybrid optimization loops. This framework enables adaptive, 

data-informed decision-making and supports high-performance and environmentally responsible material 

design in next-generation manufacturing systems[41]. 

 

 

9. Research Gaps 

Despite substantial progress in evolutionary and hybrid optimization strategies, several critical research 

gaps remain in multi-objective manufacturing systems. Current studies often focus on isolated case 

applications rather than on unified comparative frameworks that evaluate algorithmic behavior under 

identical modeling conditions. This limits the ability to draw generalized conclusions regarding 

convergence reliability, scalability, and robustness across manufacturing domains[42]. 

Another limitation is the integration of sustainability metrics. Although mechanical and economic 

objectives are widely optimized, environmental indicators, such as energy consumption, carbon footprint, 

and lifecycle impact, are not consistently embedded in formal multi-objective formulations. Moreover, most 

optimization studies rely heavily on classical computational architectures, leaving the potential of quantum-

assisted or hybrid approaches underexplored in real manufacturing contexts. Scalability remains a concern. 

Many algorithms perform well in moderate-dimensional spaces but encounter performance degradation 

when applied to high-dimensional composite processing problems. Additionally, experimental validation is 

frequently limited, reducing confidence in industrial translation. 
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Figure 8. Future Architecture for Quantum-Enabled Smart Manufacturing 

 

These challenges are systematically summarized in Table 6, which categorizes existing gaps, their 

methodological limitations, and the developments required to advance intelligent, sustainable, and 

quantum-enabled manufacturing optimization frameworks. 

 

Table 6. Identified Research Gaps in Multi-Objective Manufacturing Optimization 

Gap Limitation Needed Development 

Limited integration 

of sustainability 

metrics 

Focus mainly on 

mechanical and cost 

objectives 

Incorporation of lifecycle, energy, and 

environmental indicators into 

optimization models 

Weak 

benchmarking 

across algorithms 

Studies evaluate methods 

independently 

Unified comparative frameworks under 

identical modeling conditions 

Scalability 

challenges in high-

dimensional 

systems 

Performance degrades 

with increasing variables 

Development of hybrid and quantum-

assisted scalable algorithms 

Limited 

experimental 

validation 

Heavy reliance on 

simulation-based 

optimization 

Stronger coupling between optimization 

outputs and physical manufacturing trials 

Early-stage 

quantum adoption 

Few real manufacturing 

implementations 

Practical hybrid quantum–classical 

deployment strategies 
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10. Discussion on Results 

The comparative optimization outcomes reveal a consistent convergence toward a stable optimal region 

across all applied algorithms. The genetic algorithm achieved balanced improvements in the tensile, impact, 

and flexural properties, confirming its robustness in navigating nonlinear design spaces. However, its 

convergence pattern remained gradual, reflecting the stochastic nature of evolutionary operators. The Rao–

1 method demonstrated smoother progression with a reduced iteration demand, indicating stronger 

directional search behavior and improved computational efficiency. 

The most notable performance was achieved by the quantum-assisted framework, which attained higher 

composite fitness values within fewer iterations. This accelerated convergence suggests that variational 

search strategies provide enhanced exploration capability in complex multimodal response landscapes. 

Importantly, the optimized parameter combinations remained within experimentally feasible bounds, 

thereby reinforcing the physical reliability of the mathematical models. Overall, the results validate the 

integration of advanced optimization techniques with regression-based modeling, highlighting their 

effectiveness in achieving the simultaneous enhancement of multiple mechanical responses in sustainable 

composite manufacturing systems. 

 11. Conclusions 

The proposed study establishes a coherent framework for multi-objective optimization in advanced 

composite manufacturing by bridging statistical modeling, evolutionary computation, and emerging 

quantum variational methods. The regression-based formulation successfully captured the nonlinear 

relationships between processing parameters and mechanical responses, providing a reliable mathematical 

foundation for optimization. A comparative evaluation demonstrated that while genetic algorithms ensure 

global exploration and solution diversity, Rao-1 offers efficient, parameter-free refinement with smoother 

convergence characteristics. The quantum-assisted approach exhibited the fastest convergence and 

achieved superior composite fitness, highlighting its potential for navigating high-dimensional and 

multimodal response surfaces. Beyond algorithmic comparison, the work emphasizes methodological 

integration by combining experimental design, mathematical modeling, and intelligent optimization into a 

unified decision-making structure. The validated results confirm that the optimized parameter settings 

remain physically consistent and practically implementable. From a broader perspective, the findings 

indicate that hybrid and quantum-enabled optimization strategies can significantly enhance sustainable 

composite development. This integration opens pathways toward intelligent, adaptive manufacturing 

systems capable of simultaneously improving mechanical performance, computational efficiency, and 

environmental responsibility. 
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