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Abstract: Computer Numerical Control (CNC) turning operations represent one of the most critical 

processes in modern manufacturing. The inherent complexity of optimizing multiple, often conflicting 

objectives—such as surface roughness, tool wear, production time, cost, and environmental impact—

necessitates sophisticated decision-making approaches. This review paper synthesizes current knowledge 

on multi-criteria decision making (MCDM) techniques applied to CNC turning operations. We examine 

the theoretical foundations, implementation strategies, and empirical results from contemporary 

research. Our analysis reveals that Pareto-based evolutionary algorithms combined with fuzzy logic and 

machine learning techniques show the most promising results. We identify critical research gaps and 

propose future directions for advancing MCDM in CNC turning, emphasizing Industry 4.0 integration, 

sustainability considerations, and real-time adaptive optimization systems. This paper serves as a 

comprehensive guide for researchers and practitioners seeking to understand and implement MCDM 

strategies in precision manufacturing. 
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I. INTRODUCTION 

The machining industry faces unprecedented challenges in the era of Industry 4.0 and competitive globalization. CNC 

turning operations, despite their long history and widespread adoption, remain a complex optimization problem. Unlike 

simpler manufacturing processes, turning involves the simultaneous pursuit of multiple, frequently contradictory 

objectives [1]. Manufacturers must balance surface finish quality against production speed, tool longevity against 

material removal rates, and operational costs against environmental responsibility. This inherent conflict creates what 

engineers call the "multi-objective problem"—there is rarely a single solution that optimizes all criteria simultaneously. 

Traditional approaches to CNC optimization have typically employed single-objective functions, often focusing 

narrowly on minimizing surface roughness or maximizing material removal rates [2]. However, this reductionist 

approach frequently leads to suboptimal real-world performance. A solution that minimizes surface roughness might 

require excessively slow feed rates, increasing production time and cost. Conversely, optimizing for speed might 

produce unacceptable surface finish and accelerate tool wear, resulting in frequent tool changes and increased 

downtime. 

The emergence of multi-criteria decision making (MCDM) methodologies offers a paradigm shift in how we approach 

CNC optimization [3]. Rather than forcing compromises into a single objective function, MCDM methods recognize 

and explicitly handle the plural nature of manufacturing objectives. These approaches generate Pareto-optimal 

solutions—sets of configurations where improving one objective necessitates degrading another—providing decision-

makers with informed choices aligned with their specific production priorities. 
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Figure 1. Multi-Criteria Decision Making for CNC Turning. 

This review paper examines the current state of MCDM applications in CNC turning, synthesizing knowledge from 

optimization theory, manufacturing science, and artificial intelligence. Our objectives are threefold: (1) to 

systematically review MCDM methodologies currently applied to CNC turning; (2) to analyze the effectiveness and 

limitations of existing approaches; and (3) to identify promising research directions for advancing the field. We 

particularly emphasize emerging technologies—machine learning, real-time adaptive systems, and sustainability 

metrics—that will shape the future of precision manufacturing. 

 

II. FUNDAMENTALS OF MULTI-CRITERIA DECISION MAKING 

Multi-criteria decision making represents a mature field within operations research, with theoretical roots extending 

back several decades [4]. At its core, MCDM acknowledges a fundamental reality: most real-world decisions involve 

multiple objectives that may conflict. The field encompasses various mathematical and heuristic approaches designed to 

navigate this complexity systematically. 

 

2.1 Classical MCDM Methods 

Classical MCDM methods include the Analytic Hierarchy Process (AHP), developed by Saaty, which decomposes 

complex decisions into hierarchical structures and derives priorities through pairwise comparisons [5]. AHP has been 

successfully applied to tool selection in CNC operations, where engineers must weigh factors such as cutting speed, 

feed rate, depth of cut, and tool material. Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) 

represents another widely-used classical approach, measuring the distance between decision alternatives and both ideal 

and anti-ideal solutions [6]. In CNC turning contexts, TOPSIS effectively ranks cutting parameter combinations based 

on their proximity to optimal surface roughness while remaining distant from undesirable outcomes like excessive tool 

wear. Despite their conceptual clarity and computational efficiency, classical MCDM methods possess limitations when 

applied to CNC optimization. These approaches typically rely on predetermined criteria weights and discrete decision 

alternatives, making them less suitable for continuous parameter optimization inherent to turning operations [7]. 

Additionally, classical methods generally assume independence between criteria and often require subjective expert 

judgment for weight assignment—a process vulnerable to cognitive biases. 

 

2.2 Evolutionary and Meta-heuristic Approaches 

The limitations of classical methods sparked interest in evolutionary algorithms, particularly multi-objective 

evolutionary algorithms (MOEAs). Non-dominated Sorting Genetic Algorithm II (NSGA-II), introduced by Deb and 

colleagues, revolutionized multi-objective optimization by explicitly maintaining a diverse population of Pareto-optimal 

solutions throughout the evolutionary process [8]. NSGA-II has become the de facto standard for CNC turning 

optimization, effectively handling numerous cutting parameters simultaneously while respecting machine constraints 

and material properties. 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                          International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 5, Issue 5, December 2025 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-30637   242 

www.ijarsct.co.in  

 
 

ISSN: 2581-9429 Impact Factor: 7.67 

 
Particle Swarm Optimization (PSO) and Ant Colony Optimization (ACO) offer alternative meta-heuristic approaches, 

each with distinct advantages [9]. PSO, inspired by bird flocking behavior, navigates the parameter space efficiently 

through velocity-based movement, while ACO mimics pheromone deposition patterns observed in ant colonies. Recent 

research demonstrates that hybrid approaches—combining PSO with genetic algorithms or ACO with simulated 

annealing—often outperform single-method implementations in CNC contexts by balancing exploration and 

exploitation of the solution space [10]. 

 
Figure. 2 MCDM methods range from simple to complex optimization. 

 

III. PRIMARY OPTIMIZATION OBJECTIVES IN CNC TURNING 

Successful CNC turning optimization requires explicit consideration of multiple, often conflicting objectives. While 

manufacturers prioritize different objectives based on product type, market demands, and competitive positioning, 

certain criteria appear consistently in research literature and industrial practice. 

3.1 Surface Roughness and Quality 

Surface finish remains perhaps the most universally important measure of turning quality. Measured typically via 

arithmetic mean roughness (Ra) or maximum profile height (Rz), surface finish directly affects component function, 

aesthetic appeal, and subsequent processing requirements [11]. Achieving excellent surface finish requires careful 

coordination of cutting speed, feed rate, and tool geometry. However, the relationships are non-linear and material-

dependent, rendering simple analytical solutions impossible. Research demonstrates that slower feed rates consistently 

improve roughness, but this improvement reaches diminishing returns beyond certain thresholds, creating practical 

optimization challenges [12]. 

3.2 Tool Wear and Tool Life 

Tool wear represents a dual-objective challenge: minimize costs from frequent tool replacement while maintaining 

cutting efficiency. The Taylor equation, established nearly a century ago, provides a foundational relationship between 

cutting speed and tool life, yet real-world wear mechanisms involve complex interactions between thermal stress, 

mechanical abrasion, and chemical reactions at the tool-workpiece interface [13]. Modern MCDM approaches 

increasingly incorporate tool wear prediction models based on machine learning, enabling more accurate real-time 

optimization that balances tool longevity against production efficiency. 

3.3 Production Time and Cost 

Manufacturing competitiveness hinges fundamentally on cost-effectiveness. Production time directly translates to 

machine utilization costs, labor expenses, and throughput metrics. Yet pursuing raw speed often compromises quality 

and tool life, necessitating sophisticated trade-off analysis. Recent research incorporates machine learning to develop 

cost models that capture non-linear relationships between cutting parameters, quality outcomes, and total manufacturing 

cost—considerations that simple linear cost functions fail to capture [14]. 

3.4 Environmental and Sustainability Considerations 

Increasingly, manufacturers recognize environmental responsibility as a core business objective rather than mere 

regulatory compliance. Energy consumption during CNC operations, coolant disposal requirements, tool recycling 
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costs, and emissions profiles all constitute legitimate optimization criteria [15]. Progressive research incorporates these 

sustainability metrics into MCDM frameworks, enabling manufacturers to quantify trade-offs between economic 

performance and environmental stewardship—a capability crucial for meeting ESG commitments and appealing to 

environmentally conscious customers. 

 
Figure 3. CNC Turning Optimization Objectives. 

 

IV. CONTEMPORARY MCDM IMPLEMENTATIONS IN CNC TURNING 

Recent literature reveals diverse approaches to applying MCDM principles in CNC turning optimization. 

Implementations vary considerably in sophistication, ranging from relatively straightforward application of established 

algorithms to cutting-edge hybrid systems integrating multiple technologies. 

4.1 Fuzzy Logic Integration 

Fuzzy logic provides an elegant mathematical framework for handling the imprecision inherent in machining processes 

and decision-making. Unlike classical binary logic where variables are either true or false, fuzzy logic permits degrees 

of membership, reflecting real-world uncertainty [16]. Fuzzy systems have proven particularly valuable in CNC turning 

for capturing expert knowledge—operators and machinists possess intuitive understanding of parameter relationships 

that defy precise mathematical articulation. Integration of fuzzy logic with MCDM techniques, such as fuzzy TOPSIS 

or fuzzy AHP, enables more nuanced handling of subjective criteria like "good surface finish" or "acceptable tool wear" 

[17]. Researchers report that fuzzy-based systems typically improve solution acceptance among practitioners compared 

to purely mathematical approaches, as the results align better with operators' experiential understanding. 

4.2 Machine Learning Enhancement 

Machine learning has revolutionized CNC optimization by enabling development of accurate empirical models relating 

cutting parameters to performance outcomes [18]. Rather than relying solely on theoretical cutting force models or 

simple polynomial regression, modern approaches employ support vector machines, neural networks, and ensemble 

methods to capture non-linear, interaction-rich relationships. For instance, deep learning models trained on 

experimental data can predict surface roughness with 95%+ accuracy across varied material conditions—accuracy 

impossible with traditional parametric models [19]. When integrated with evolutionary algorithms, these learned 

models enable rapid evaluation of numerous candidate solutions, accelerating convergence toward optimal parameter 

sets while reducing requirements for physical experimentation. 

4.3 Real-Time Adaptive Systems 

Perhaps most promising for manufacturing practice, real-time adaptive MCDM systems adjust cutting parameters 

dynamically based on in-process monitoring data [20]. Sensors embedded in CNC machines provide continuous 

feedback on cutting forces, vibration, temperature, and acoustic emissions. Advanced systems employ reinforcement 
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learning algorithms that effectively "learn" optimal parameter adjustments through trial and reward signals derived 

from real-time performance metrics. These adaptive approaches prove particularly valuable when material properties 

vary within a batch or when workpiece geometry changes abruptly, conditions that render static parameter optimization 

inadequate. Preliminary industrial trials demonstrate 15-25% improvements in overall equipment effectiveness (OEE) 

when implementing adaptive MCDM systems compared to traditional fixed-parameter approaches. 

 

V. CURRENT CHALLENGES AND LIMITATIONS 

Despite remarkable progress, significant challenges impede broader adoption of MCDM methodologies in production 

environments. 

5.1 Computational Complexity 

Most MCDM algorithms, particularly evolutionary approaches, demand substantial computational resources. While 

computing power has increased exponentially, real-time production environments often operate under tight time 

constraints. Generating a comprehensive Pareto front with 100+ non-dominated solutions might require minutes of 

optimization—unacceptable when machine downtime costs hundreds of dollars per hour [21]. Researchers continue 

exploring methods to accelerate optimization, including surrogate modeling, warm-starting from prior solutions, and 

GPU-accelerated parallel processing, yet computational demands remain a practical limitation in many settings. 

5.2 Data Requirements and Model Validation 

Machine learning-enhanced MCDM systems require extensive training data for model development. Assembling 

comprehensive datasets across diverse materials, tool types, and machine configurations proves time-consuming and 

expensive. Moreover, models trained in one production environment often perform poorly when transferred to different 

machines or material conditions—a challenge termed domain adaptation in machine learning literature [22]. Validation 

of learned models across novel operating conditions remains inadequately addressed in current research, creating risk 

when deploying systems in new contexts. 

5.3 Criterion Weight Assignment 

A persistent challenge in MCDM applications involves assigning weights to competing objectives. While methods like 

AHP systematize this process through pairwise comparisons, the fundamental issue remains: weights ultimately reflect 

subjective business priorities that may evolve over time. Should production speed outweigh tool life? How should 

environmental impact be valued against cost reduction? Different stakeholders (production managers, machinists, 

quality engineers, sustainability officers) often prioritize objectives differently [23]. Progressive organizations employ 

collaborative weight-setting processes, yet this remains more art than science, introducing subjectivity into otherwise 

mathematically rigorous optimization frameworks. 

 

VI. FUTURE PROSPECTS AND RESEARCH DIRECTIONS 

Several promising avenues for advancing MCDM in CNC turning emerge from examining current research trajectories 

and unmet industrial needs. 

6.1 Industry 4.0 and Digital Twin Integration 

The convergence of MCDM with Industry 4.0 technologies promises unprecedented optimization capabilities. Digital 

twins—virtual replicas of physical machining systems updated continuously with real-time sensor data—enable running 

MCDM algorithms on simulated machines before implementing solutions on physical equipment [24]. This simulation 

capability allows exploring vast parameter spaces without risks associated with unsuccessful experiments on production 

machines. Future implementations will likely integrate MCDM directly into manufacturing execution systems, enabling 

automatic parameter optimization at the point of job scheduling or part routing. 

6.2 Transfer Learning and Few-Shot Optimization 

Addressing data requirements through transfer learning approaches offers significant promise. Transfer learning enables 

leveraging knowledge from previous optimization tasks to accelerate convergence when encountering new materials or 

machine configurations. Similarly, few-shot learning techniques—originating in computer vision but increasingly 

applied to manufacturing—aim to develop effective models from minimal training examples [25]. These approaches 
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could dramatically reduce setup times for new products or production environments, expanding MCDM accessibility 

beyond large manufacturers with extensive historical datasets. 

 

6.3 Sustainability and Circular Economy Metrics 

As environmental concerns intensify globally, MCDM frameworks will necessarily expand to comprehensively 

incorporate sustainability metrics. Beyond simple energy consumption measures, future systems will likely consider 

life-cycle assessment data, carbon footprints of cutting tools, coolant environmental impact, and recyclability of 

machined components [26]. Developing standardized approaches to quantify these complex environmental 

considerations and integrate them into optimization frameworks represents an important research frontier. 

Organizations leading this transition will likely gain competitive advantage through enhanced reputation and reduced 

regulatory risk. 

6.4 Federated Learning and Privacy-Preserving Optimization 

Many manufacturers hesitate sharing production data due to proprietary concerns and competitive sensitivity. Federated 

learning—where machine learning models are trained collaboratively across multiple organizations without sharing raw 

data—offers potential solutions [27]. Federated approaches could enable development of more sophisticated models 

while respecting data privacy concerns, accelerating the knowledge accumulation necessary for robust MCDM systems 

applicable across diverse industrial contexts. This represents an important but underdeveloped research area with 

significant practical implications. 

 

VII. PRACTICAL IMPLEMENTATION CONSIDERATIONS FOR INDUSTRY 

While research advances steadily, bridging the gap between academic innovation and industrial practice remains 

challenging. Successful implementation requires addressing both technical and organizational factors. First, 

implementation should begin modestly with single-objective or dual-objective optimization in specific product families, 

demonstrating value before expanding to enterprise-wide deployment. Small wins build organizational confidence and 

support. Second, operators and machinists must be engaged early as stakeholders, not passive recipients of automated 

decisions. Their experiential knowledge proves invaluable for validating model predictions and identifying 

implementation pitfalls [28]. Third, implementations must provide transparency—operators should understand why the 

system recommends particular parameters, building trust in automated guidance. Finally, phased rollout with parallel 

operation (maintaining traditional manual methods alongside new MCDM recommendations) permits validation in 

actual production conditions while preserving ability to revert if problems emerge. 

 

VIII. CONCLUSION 

Multi-criteria decision making has matured from academic curiosity to practical manufacturing tool, yet substantial 

opportunities remain for advancing both the science and practice of MCDM in CNC turning operations. Current 

approaches effectively integrate Pareto-based optimization with machine learning and fuzzy logic, enabling 

sophisticated handling of competing objectives. Real-time adaptive systems show particular promise for production 

environments where dynamic adjustment capabilities provide substantial operational advantages over static parameter 

optimization. However, remaining challenges—computational complexity, data requirements, weight assignment 

subjectivity, and technology transfer from academic to industrial contexts—demand continued research attention. 

Future progress will likely emerge from integrating MCDM with Industry 4.0 technologies (digital twins, IoT sensors, 

cloud computing), expanding optimization objectives to comprehensively incorporate sustainability metrics, and 

developing transfer learning approaches that reduce data requirements and accelerate deployment. Federated learning 

and privacy-preserving optimization techniques offer pathways for collaborative knowledge development while 

respecting competitive sensitivities. Ultimately, successful MCDM implementation requires balancing mathematical 

sophistication with practical feasibility, technical innovation with organizational readiness, and automated decision-

making with human judgment and intuition. Manufacturers who navigate these tensions skillfully will likely lead their 

industries in manufacturing excellence, environmental responsibility, and economic competitiveness. For the research 

community, the invitation is clear: substantial intellectual challenges remain, but their resolution promises genuine 
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improvements in how humanity produces physical goods. The future of precision manufacturing will be shaped by how 

effectively we integrate rigorous multi-criteria optimization with the complex realities of production environments and 

the values of manufacturing communities. 
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