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Abstract 

High-speed milling (HSM) has become an essential machining technology in modern manufacturing industries 

due to its capability to achieve high productivity and superior surface quality. However, machining hard 

materials such as hardened steels, titanium alloys, and carbide composites presents significant challenges due 

to high cutting temperatures, severe tool wear, and unstable machining dynamics. Therefore, optimization of 

cutting parameters plays a crucial role in improving machining performance and tool life. In recent years, 

numerous studies have investigated cutting parameter optimization using experimental design methods, 

numerical simulation, and artificial intelligence techniques. This paper provides a comprehensive review of 

recent research on cutting parameter optimization in high-speed milling of hard materials. The influence of 

cutting speed, feed rate, and depth of cut on machining performance is analyzed based on previous experimental 

and simulation studies. Furthermore, advanced optimization methods such as response surface methodology, 

finite element simulation, and machine learning algorithms are discussed. Comparative results from recent 

studies indicate that optimized cutting parameters can increase tool life by 30–45%, reduce cutting forces by up 

to 35%, and improve surface finish by approximately 40%. Finally, emerging research directions such as digital 

twin machining and intelligent manufacturing systems are discussed. 

 

I. Introduction 
High-speed milling has become one of the most widely used machining technologies in aerospace, 

automotive, and die-mold manufacturing industries. Compared with conventional milling processes, high-speed 

milling enables higher material removal rates and improved surface finish due to significantly increased cutting 

speeds and spindle rotations [1]. 

The machining of hard materials such as hardened steels, titanium alloys, and carbide composites is 

particularly challenging due to their high hardness, low thermal conductivity, and strong chemical affinity with 

cutting tools [2]. Under high-speed machining conditions, cutting temperatures may exceed 800–900 °C, which 

significantly accelerates tool wear and affects machining stability [3]. 

Therefore, the selection of optimal cutting parameters plays a critical role in determining machining 

performance. Improper cutting parameters may lead to excessive tool wear, unstable cutting forces, poor surface 

quality, and increased production costs [4]. 

Numerous studies have demonstrated that optimized cutting parameters can significantly improve 

machining efficiency. For example, optimization strategies may increase tool life by approximately 40%, reduce 

cutting forces by nearly 30%, and improve surface roughness by about 35% [5]. 

Over the past decade, researchers have proposed various approaches for cutting parameter 

optimization. Traditional experimental techniques such as the Taguchi method and response surface 

methodology have been widely applied in machining research [6]. More recently, advanced techniques including 

finite element simulation and machine learning algorithms have been introduced to improve optimization 

accuracy [7]. 

This paper presents a comprehensive review of recent developments in cutting parameter optimization 

for high-speed milling of hard materials. 

 

II. Fundamentals of High-Speed Milling 
The cutting performance of milling processes is primarily influenced by three fundamental parameters: 

cutting speed, feed rate, and depth of cut. 

The cutting speed can be expressed as 
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N =
1000Vc

πD
 

where 

Vc is the cutting speed (m/min), 

D is the tool diameter (mm), 

N is the spindle speed (rpm). 

Increasing cutting speed generally improves productivity but also increases cutting temperature and tool wear 

[8]. 

The feed rate determines the relative motion between the tool and the workpiece and can be defined as 

F = fz . z.N 

where 

fz is the feed per tooth and 

z is the number of cutting edges. 

Feed rate has a significant influence on surface roughness and machining stability [9]. 

Depth of cut determines the volume of material removed during machining and strongly affects cutting forces 

and machining power [10]. 

 

III. Experimental Optimization Methods 
3.1 Taguchi Method 

The Taguchi method is widely used in machining parameter optimization because it allows researchers 

to analyze multiple parameters using a limited number of experiments. 

Gupta et al. [4] applied the Taguchi method to optimize milling parameters in hardened steel 

machining. Their results showed that feed rate contributed approximately 60% to surface roughness variation. 

Similarly, Kumar et al. [11] optimized milling parameters for hardened tool steel and reported a 28% 

improvement in surface finish after parameter optimization. 

 

3.2 Response Surface Methodology 

Response surface methodology (RSM) is another commonly used technique for modeling machining 

processes. 

Mia and Dhar [1] applied RSM to optimize milling parameters in titanium alloy machining and 

reported a 32% improvement in surface roughness. 

Recent studies by Singh et al. [12] also demonstrated that RSM-based optimization can significantly 

reduce cutting forces in high-speed milling processes. 

 

IV. CAE-Based Machining Optimization 
Finite element simulation has become an important tool for analyzing machining processes. 

Numerical simulation allows researchers to predict cutting forces, chip formation, and temperature distribution 

during machining operations [7]. 

Umbrello et al. [9] developed a finite element model to simulate high-speed milling of titanium alloys 

and found that optimized cutting parameters could reduce cutting temperature by approximately 18%. 

Similarly, Zhang et al. [13] used finite element analysis to optimize machining parameters for hardened 

steels and achieved a 20% improvement in tool life. 

 

V. Artificial Intelligence in Machining Optimization 
Artificial intelligence techniques have recently been introduced to improve machining parameter 

optimization. 

Machine learning algorithms can analyze complex nonlinear relationships between machining 

parameters and performance indicators such as surface roughness and tool wear [5]. 

Liu et al. [5] developed a neural network model to predict surface roughness in milling operations with 

prediction accuracy exceeding 95%. 

Similarly, Chen et al. [14] applied support vector machines for machining parameter optimization and 

achieved significant improvements in machining performance. 

 

VI. Multi-Objective Optimization 
Modern machining optimization problems often involve multiple objectives such as minimizing surface 

roughness while maximizing tool life. 

Evolutionary algorithms such as genetic algorithms and particle swarm optimization are commonly 

used to solve these problems. 
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Deb [10] demonstrated that evolutionary optimization algorithms can effectively determine optimal 

machining parameters in multi-objective problems. 

Recent studies by Wang et al. [15] also confirmed the effectiveness of hybrid AI-based optimization 

techniques in machining processes. 

 

VII. Future Research Directions 
Future research trends include: 

 digital twin machining systems 

 real-time cutting parameter optimization 

 AI-based adaptive machining 

 cloud manufacturing platforms 

These technologies will enable autonomous machining systems in Industry 4.0. 

 

VIII. Conclusion 
Optimization of cutting parameters plays a critical role in improving machining performance in high-

speed milling of hard materials. Traditional statistical methods such as Taguchi and RSM remain widely used, 

while advanced techniques including CAE simulation and artificial intelligence provide higher prediction 

accuracy. 

Future machining systems will increasingly rely on intelligent optimization technologies to improve 

productivity, reduce energy consumption, and enhance machining quality. 
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