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Abstract: This study puts forward a collaborative optimization model for micro-textured tool parameters that integrates a 
Support Vector Machine (SVM) with swarm intelligence algorithms. The model aims to identify optimal cutting 
parameters for micro-textured tools. First, an optimized SVM predicts cutting performance indicators with high accuracy. 
Then, swarm intelligence algorithms efficiently search for optimal parameter combinations in multi-objective 
optimization. These parameter combinations are fed back into the SVM prediction model to achieve collaborative 
optimization. Results from the experiments demonstrate that the model achieves prediction accuracies of 97.8% for 
cutting force and 97.6% for cutting temperature after training. The model's loss value is reduced to 0.12. In the actual 
processing, the wear scar’s cross-sectional area is only 1237 μm2 at a load of 40 N when the micro-textured tool with 
optimal values obtained by the proposed method is used for cutting. Moreover, the wear rate is only 10.02 %. This 
indicates that the proposed method exhibits greater stability and flexibility than the reference models. 

Keywords: Support vector machine (SVM); swarm intelligence algorithms; micro-textured tool; collaborative parameter 
optimization; multi-objective particle swarm optimization. 
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1. Introduction 

A micro-textured tool is a new type of cutting tool in which surface patterns are designed to be embedded in predetermined 
areas of the tool to improve the tribological characteristics of the contact interface between the tool and the chip during 
cutting (Xu et al., 2025). Optimizing micro-texture tool parameters is highly significant in machining. In addition to 
prolonging tool life, it can greatly improve machining quality and efficiency (Wang et al., 2023; Yang et al., 2024a). In this 
context, the importance of optimizing micro-texture tool parameters using intelligent algorithms has been increasingly 
highlighted (Li et al., 2024). However, existing optimization methods often lack effective mechanisms for collaborative 
optimization across multiple parameters. They struggle to achieve a reasonable balance among multiple optimization 
objectives. This limitation restricts further improvement in cutting performance. An efficient and accurate multi-parameter 
collaborative optimization method is required to overcome current technical bottlenecks (Sristi and Zaman, 2024). To 
address this problem, this study puts forward a collaborative optimization model for micro-textured tool parameters that 
integrates a Support Vector Machine (SVM) with a Multi-Objective Particle Swarm Optimization (MOPSO) algorithm. 
The purpose of this model is to determine optimal parameter combinations and perform precise optimization. The model 
begins by constructing an improved support vector machine. It follows by implementing an improved MOPSO algorithm 
to efficiently explore these Pareto-optimal solutions. The model identifies the optimal parameter combination of the 
micro-textured tools. This model is expected to serve as a reliable assistant in optimizing parameter combinations for 
micro-textured tools and engineering practices. It will also facilitate the advancement of intelligence in this field. This 
study is novel in that it integrates the accurate prediction capabilities of SVM with the global optimization function of 
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MOPSO. This combination forms a complete optimization cooperation system and ensures that the optimal parameter 
combinations are better suited to engineering practice. 

2. Previous Studies

The selection of parameters in micro-textured tools directly affects the cutting performance, service life, and machining 
quality of the tools, making parameter optimization a research hotspot in this field. Sen et al. (2025) employed TOPSIS to 
optimize the parameters of micro-textured tools, with the predicted responses deviating from experimental results by only 
5% on average. To enhance tool machining efficiency during spray cooling, Bhushan (2023) developed a multi-objective 
optimization model for micro-textured tool parameters and solved it using NSGA-Ⅱ. The experimental results 
demonstrated that the parameters obtained from the study were effective in practical applications. Feng et al. (2023) 
analyzed the shape, dimensions, and working conditions of tool micro-textures and developed five tools with different 
shapes using a genetic algorithm. The optimized tools performed better in the cutting process. To determine the optimal 
parameters for cutting tools, Zhao et al. (2024) applied the firefly algorithm. The results of the experiment clearly 
demonstrated the effectiveness of the parameter sets determined using the firefly approach in the finishing process of 
thin-walled aluminum alloy shells. 

SVM is a supervised learning model that leverages support vector algorithms to process data, recognize patterns, and 
perform classification and regression tasks. For example, Zhou et al. (2023) proposed three hybrid SVM models and 
evaluated their performance in rockburst prediction. The experimental results demonstrated that these three optimization 
algorithms greatly enhanced the SVM models’ ability to predict rockbursts, facilitating the use of machine learning for 
such prediction tasks in mining. To enhance the prediction performance of SVM, Pande et al. (2023) improved it using 
different kernel functions and applied it to multi-scale drought index prediction. The experimental results demonstrated 
that the SVM model, optimized with sequential minimal optimization, achieved the best predictive performance, benefiting 
water resource management decisions. Ge et al. (2023) applied SVM to predict milling tool wear, enabling precise 
real-time tracking of tool conditions during milling. Experiments indicated that the model surpassed alternative approaches 
in prediction accuracy, offering practical guidance for industrial operations. MOPSO is a widely used swarm intelligence 
algorithm for multi-objective optimization, with clear advantages. For instance, Hu et al. (2023) proposed an improved 
multi-objective optimization algorithm combining a fuzzy-based graph clustering algorithm with MOPSO to enhance the 
ability to find optimal solutions. The experimental results showed that this method outperformed comparison algorithms in 
both accuracy and convergence. Given the limitations of existing micro-textured tool parameter optimization methods and 
the advantages of SVM and MOPSO in multi-objective optimization, this study proposes a collaborative optimization 
model integrating SVM and MOPSO for micro-textured tool parameters. This model combines the powerful fitting 
capability of SVM with the multi-objective solving capability of MOPSO, achieving accurate and efficient optimization of 
micro-textured tool parameters. 

3. SVM–PSO Model for Micro-Textured Tool Parameter Optimization

3.1. Construction of an SVM-Based Parameter Optimization Prediction Model

The shape, size, and other characteristics of micro-textured tools greatly influence machining performance. Accurate 
prediction of cutting performance corresponding to different parameter combinations plays a key role in tool design 
optimization (Tong and Qu, 2023). SVM establishes a nonlinear mapping between parameters and cutting performance at 
a low cost. It enables the prediction of fast performance. After optimization algorithms adjust the kernel function and 
related parameters, SVM achieves higher prediction accuracy (Liu et al., 2025). MSISSA enhances the conventional 
sparrow search algorithm by incorporating adaptive weighting strategies, Lévy flights, and a dynamic spiral search method. 
It converges to the global optimal solution more efficiently (Dar et al., 2025). Applying MSISSA to the optimization of the 
SVM kernel function and parameters further improves the SVM's prediction accuracy for micro-textured tool performance. 
The optimization process is shown in Fig. 1. 

Set parameters

Update discoverer 
positions

Update joiner 
positions

Iteratively update and calculate 
fitness values

Meet the 
maximum number 

of iterations?

Start

End

Initialize sparrow 
positions

Calculate and compare 
all sparrow positions

Output optimal 
parameters

 Build SVM 
model

Fig. 1. Optimization process of SVM using MSISSA 

As shown in Fig. 1, the algorithm first initializes the sparrow population. It then sets relevant parameters, including 
SVM optimization parameters and constraint conditions. The algorithm compares and records the positions of all sparrows. 
It calculates their fitness values and ranks them. The adaptive weighting strategy updates the discoverers' positions. The 
calculation process is shown in Eq. (1). 
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In Eq. (1), w  represents a nonlinear variation within the range [0,1]. ,i jx  is the position of a sparrow individual, R  
is the warning value released when sparrows encounter danger, and ST  represents the migration threshold. The positions 
of the sentinels are then modified according to the Lévy flight strategy. The calculation process is shown in Eq. (2). 

( ) ( ) ( )j jX t X t L levy λ= + ⊕                                (2) 

In Eq. (2), ( )jX t  is the position of the j -th sparrow at the t -th iteration, and L  represents the step size control 
parameter. Through continuous iterative updating, the algorithm calculates the fitness value after each iteration. It then 
updates the joiners' positions using the variable spiral search strategy. The calculation process is shown in Eq. (3). 
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In Eq. (3), ϕ  represents the spiral search factor, and A  represents a matrix. The algorithm then checks whether the 
maximum number of iterations is reached. If not, it returns to the step of comparing and recording all sparrow positions 
until the condition is satisfied. If the condition is met, the algorithm records and outputs the optimal parameters. It uses 
these parameters to develop the SVM surrogate model. Lastly, the study uses the SVM model optimized by MSISSA to 
predict optimal Micro-textured tool parameters. It gives a better optimal classification plane. The operation flow of the 
MSISSA-SVM micro-textured tool parameter optimization prediction model is shown in Fig. 2. 
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Fig. 2. MSISSA-SVM micro-textured tool parameter optimization prediction model 
 

As shown in Fig. 2, the model takes key micro-textured tool parameters as input variables. It uses cutting force and 
cutting temperature as output performance indicators. The model collects experimental or simulation data under different 
parameter combinations. It then inputs the data into the dynamically adjusted SVM model optimized by MSISSA for 
parameter combination prediction. Specifically, the fitting capability of MSISSA-SVM enables rapid calculation of cutting 
force and temperature for any given combination of parameters. This process accurately predicts parameter–performance 
relationships and provides reliable performance data for subsequent parameter optimization. For a given set of 
micro-textured parameters, the prediction output of MSISSA-SVM is shown in Eq. (4). 
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In Eq. (4), *
ia  represents the Lagrange multiplier obtained from SVM training. iy  is the output label of the training 

samples. ( , )iK x x  is the kernel function, where the RBF function is selected. b  represents the bias term. 

3.2. Design of a Multi-Objective Optimization Algorithm Based on MOPSO 

The constructed MSISSA-SVM micro-textured tool parameter optimization surrogate model accurately and efficiently 
predicts cutting force and cutting temperature for given parameter combinations. However, in the actual optimization 
process of micro-textured tool parameters, it is necessary to consider both cutting force and cutting temperature. Single 
parameter adjustment cannot achieve multi-objective collaborative optimization. Therefore, multi-objective optimization 
methods are required to obtain optimal parameter combinations that satisfy the constraints (Hoang, 2023). The 
multi-objective function is constructed as shown in Eq. (5). 
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In Eq. (5), , ), ,(minf a b c d  represents the function variable representing multi-objective optimization, , , ),(cut a b c dT  

maximum temperature of the cutting region, ,( ), ,a a b c dR  represents the surface roughness of the machined workpiece. 
Relevant constraints are set simultaneously. Considering practical micro-textured tool parameters, the constraints are 
defined as in Eq. (6). 
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In Eq. (6), a  represents the edge margin. b  represents the texture width. c  represents the texture spacing. d  
represents the texture depth. MOPSO is a common multi-objective optimization algorithm. It introduces an external 
archive to store the non-dominated solutions produced by the optimization process and applies a crowding-distance sorting 
method to maintain the diversity of the archive, thereby avoiding entrapment in local optima. However, the conventional 
MOPSO algorithm has slow convergence and an uneven distribution of solutions. To further improve the global 
optimization capability of the MOPSO algorithm for multi-objective optimization of micro-textured tool parameters, an 
exponentially declining non-linear inertia weight and an iteration-dependent learning factor are employed. The operation 
flow of IMOPSO is shown in Fig. 3. 
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Fig. 3. Operation flow of IMOPSO algorithm 
 

As shown in Fig. 3, the algorithm first initializes all particle swarm parameters. It then generates the initial population 
and computes the corresponding objective function values. According to Pareto dominance, non-dominated solutions are 
added to the external archive, and global and local best solutions for the particles are determined. The algorithm then 
updates particle positions and velocities, inertia weights, learning factors, and the best local solutions according to the 
relevant Eqs. The exponentially decreasing nonlinear inertia weight is shown in Eq. (7). 
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In Eq. (7), w′  represents the inertia weight. 4r  represents a constant within [0,1]. The improved learning factor is 
shown in Eq. (8). 
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With the improved learning factor, the algorithm better adapts to the multi-objective optimization requirements of 
micro-textured tool parameters in both early and late iterations. The external archive is then updated based on the new 
solutions to maintain the best global solution. The algorithm checks whether the maximum number of iterations is reached. 
If it is reached, the optimal solution is output. If not, the algorithm continues to update particle positions and velocities, 
inertia weights, learning factors, and local best solutions until the final condition is satisfied. On this basis, the study 
combines the MSISSA-SVM prediction model with the IMOPSO algorithm for multi-objective optimization of 
micro-textured tool parameters. This combination forms the MSISSA-SVM-IMOPSO micro-textured tool parameter 
optimization model. Its operation flow is shown in Fig. 4. 
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Fig. 4. MSISSA-SVM-IMOPSO micro-textured tool parameter optimization model 
 

In Fig. 4, the algorithm first takes key micro-textured tool parameters as optimization variables. It constructs the 
multi-objective optimization function and sets constraints. The trained MSISSA-SVM surrogate model predicts tool 
performance indicators for different parameter combinations. These results serve as input to the fitness function of the 
proposed IMOPSO algorithm. Next, the initial values of the particle swarm of the proposed IMOPSO algorithm and the set 
of important parameters are determined. In the proposed algorithm, the multi-objective problem is addressed through 
iterative processes. Upon reaching the maximum number of iterations or achieving convergence, the iterative process stops. 
In this scenario, the non-dominated solutions maintained in the external archive are considered the multi-objective solution 
set for the micro-textured tool parameters, i.e., the optimal parameters. 

3.3. Improvement of Parameter Optimization Model with IF-PCC Preprocessing 

The constructed MSISSA-SVM-IMOPSO micro-textured tool collaborative parameter optimization model is strongly 
influenced by the quality and amount of training data. If the training data contain bias or are incomplete, the SVM model 
may produce errors when predicting micro-textured tool performance, thereby affecting the effectiveness of parameter 
optimization (Yang et al., 2024b; Rathod et al., 2023). Therefore, before performing parameter optimization, the study 
designs a data preprocessing algorithm that uses Isolation Forest (IF) and the Pearson Correlation Coefficient (PCC) to 
improve the quality of the input data. The workflow of the IF-PCC algorithm is shown in Fig. 5. 

Remove outliers Extract key features

...

Data 
Normalization

Output  results

 

Fig. 5. IF-PCC data preprocessing algorithm workflow 
 

As shown in Fig. 5, the first step uses IF to detect outliers in the micro-textured tool dataset. IF constructs multiple 
isolation trees and recursively partitions the samples at random. Outlier samples are easier to isolate and receive higher 
anomaly scores, enabling outlier detection. The average path length of each isolation tree is calculated as shown in Eq. (9). 

2( 1)( ) 2 ( 1) nc n H n
n
−

= − −                                 (9) 

In Eq. (9), H  is the harmonic number. Based on this, the anomaly score of each data point is calculated as shown in 
Eq. (10). 
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In Eq. (10), analyzing anomaly scores allows the removal of outliers from the data. Next, PCC quantifies the strength 
of linear correlation between core features in the micro-textured tool dataset and the target variables. This step identifies 
key features in the data. The calculation is shown in Eq. (11). 
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In Eq. (11), m  represents the number of samples. Finally, the data are normalized. The normalization process is 
shown in Eq. (12). 
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In Eq. (12), x  represents the original feature of a sample. The study then integrates the IF-PCC data preprocessing 
stage into the MSISSA-SVM-IMOPSO model and enhances the collaborative interaction between MSISSA-SVM and 
IMOPSO. The resulting final parameter optimization model is named the IPMSI micro-textured tool collaborative 
optimization model. Its operation flow is shown in Fig. 6. 
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Fig. 6. IPMSI micro-textured tool collaborative optimization model 
 

As shown in Fig. 6, the model first takes the original micro-textured tool dataset as input. The data preprocessing 
algorithm improves data quality. MSISSA then optimizes SVM parameters, and the MSISSA-SVM prediction model is 
constructed using the optimal parameters to map micro-textured tool parameters to performance indicators. The process 
then enters the IMOPSO multi-objective optimization stage. Relevant parameters and constraints are set, the particle 
swarm is initialized, and multi-objective optimization is performed to find the initial parameter combination for the 
micro-textured tool. Meanwhile, high-quality particle parameters generated during iterations are fed back into the SVM 
model, dynamically optimizing its predictive accuracy and establishing a positive collaborative mechanism. Finally, when 
the iteration converges, the Pareto optimal solution set is output, representing the optimal micro-textured tool parameters. 

4. Performance of Micro-Textured Tool Collaborative Parameter Optimization Model 

4.1. Performance Verification of the IPMSI Model 

To verify the performance of the proposed IPMSI model, this study compared it with Kriging Model-Non-dominated 
Sorting Genetic Algorithm Ⅱ (Kriging-NSGA-Ⅱ), Back Propagation-NSGA-Ⅲ (BP-NSGA-Ⅲ), and Atom Search 
Optimization-BP (ASO-BP). First, based on the actual dimensions and surface structure of micro-textured tools, an 
accurate simulation tool model was constructed in the simulation software. Then, simulation conditions, such as machining 
materials and cutting parameters, were set to simulate the cutting process and obtain simulation data, including tool wear 
and cutting force, which were compiled into the final dataset. The study strictly adhered to the hyperparameter tuning 
symmetry principle, with all comparison groups employing identical tuning budgets and computational resource 
allocations—including standardized maximum iteration counts, initial population sizes, and function evaluation 
frequencies per iteration—while preserving only inherent differences in model architecture and algorithmic logic. The 
experiment was conducted on a hardware platform equipped with an Intel Xeon Gold 6248R CPU, NVIDIA RTX 3090 
GPU (24GB), and 64GB of memory. The average training time of the IPMSI model was 128.4 seconds, the average 
multi-objective optimization time was 345.2 seconds, the average GPU memory usage was 1824 MB, and the CPU 
memory usage was 12.7GB. The computational resource consumption was reasonable, and the model demonstrated good 
practical applicability. This study first set the IPMSI model parameters, as shown in Table 1. 

After clarifying the core parameter configuration of the IPMSI model through Table 1, this study further applied the 
model to predict cutting force and temperature. First, the prediction accuracy was compared for both outputs, with the 
results presented in Fig. 7. 

As shown in Fig. 7(a), the IPMSI model achieved a prediction accuracy of 97.8% for cutting force after training was 
completed, which was significantly higher than the 94.3%, 92.1%, and 91.7% of the three comparison models. As shown 
in Fig. 7(b), the MSISSA-SVM surrogate model maintained prediction accuracy above 94% for cutting temperature 
throughout, reaching 97.6% after training, surpassing the three comparison models. In summary, the IPMSI model 
demonstrated reliability and stability in predicting the performance of micro-textured tools. Next, the convergence 
behavior and Pareto-optimal solution ratios of the four algorithms in multi-objective parameter optimization were 
evaluated, with the results illustrated in Fig. 8. 

As shown in Fig. 8(a), the loss of the IPMSI model decreased to 0.12 after training was completed, which was 
significantly lower than the 0.20, 0.27, and 0.51 of the three comparison models. As shown in Fig. 8(b), the proportion of 
Pareto-optimal solutions of the IPMSI model remained in the lead throughout, reaching 36.2% when training was 
completed, while the other three comparison models all remained below 34%. In summary, the IPMSI model demonstrated 
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clear advantages in the multi-objective optimization of micro-textured tool parameters, enabling rapid convergence to the 
optimal solution region while effectively maintaining solution diversity. 

Table 1. Model parameter settings 
Algorithm Specific parameter Span 

MSISSA 
Inertia weight [0,1] 

Lévy flight step size [1,3] 
Uniformly distributed random number [-1,1] 

SVM Penalty factor [1,0] 
Kernel function RBF 

IMOPSO 

Population size [0.4-0.9] 
Inertia weight [0,1] 

Learning factor [1,2.5] 
Maximum size of external archive [100-200] 
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4.2. Analysis of Practical Application Performance of IPMSI Model 

Four models were employed to optimize cutting parameters for tools, obtaining the optimal parameter combination. Based 
on these parameter sets, simulated micro-textured tools were fabricated and imported into cutting simulation software to 
simulate indicators such as tool wear, cutting force fluctuations, and machined surface roughness. Using TC4 titanium 
alloy as the cutting material, a geometric model consistent with the actual workpiece was constructed. Cutting experiments 
were conducted under unified conditions to compare the optimization effects of different models, with the results shown in 
Fig. 9. 

According to Fig. 9(a), the optimized micro-textured tool exhibited the lowest cutting force throughout the titanium 
alloy cutting process. When the cutting time reached 0.03s, the cutting force decreased to 105.3 N, which was significantly 
lower than the three comparison tools. Fig. 9(b) indicates that, although the proposed model’s cutting temperature 
increased slightly, it reached only 501.4°C at a cutting time of 0.03s, remaining lower than that of the three comparison 
tools and within the safe tolerance range of the tool material. This indicated that after optimizing the cutting parameters, 
the overall cutting performance of this model surpassed that of the other models. Next, the wear scar cross-sectional area 
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and wear rate of the tool cutting after parameter optimization were compared, and the comparison results are shown in Fig. 
10. 
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Fig. 10. Wear scar cross-sectional area and wear rate of optimized tools 

 
Fig. 10(a) shows that the micro-textured tool optimized by the IPMSI model exhibited the minimum wear cross-section 

under all load conditions. At a load of 40 N, the measured value was only 1237 μm2, with a wear rate of 10.02%. In Figs. 
10(b), (c), and (d), the corresponding wear cross-sections of tools optimized by the three comparison models increased 
markedly at 40 N, all exceeding 1400 μm2, while the wear rates remained above 11%. These results indicate that tools 
optimized using IPMSI parameters can effectively reduce the frictional contact area at the tool–workpiece interface. To 
conduct a more comprehensive evaluation of the model's performance, the study selected multiple generations of models 
and optimizers for comparative assessment, as detailed in Table 2. 

Table 2. Comparison of cutting performance optimization results for different model combinations 
Combination of 

groups 
Surrogate model 

type 
Multi-objective 

optimizer 
Minimum cutting 

force (N) 
Minimum cutting 
temperature (℃) 

IPMSI MSISSA-SVM IMOPSO 105.6 502.8 
GP-NSGA-II Gaussian Process NSGA-II 128.5 512.1 
RF-SPEA2 Random Forest SPEA2 137.9 523.7 

XGBoost-MOPSO XGBoost MOPSO 158.8 537.5 
 
According to Table 2, the minimum cutting force of the IPMSI model combination reaches 105.6 N, which is about 

17.8% lower than the GP-NSGA-II combination's 128.5 N, about 23.4% lower than the RF-SPEA2 combination's 137.9 
N, and about 33.5% lower than the XGBoost MOPSO combination's 158.8 N. In terms of minimum cutting temperature, 
the IPMSI model is 502.8℃, which is about 1.8% lower than GP-NSGA-II's 512.1℃, about 4.0% lower than 
RF-SPEA2's 523.7℃, and about 6.5% lower than XGBoost MOPSO's 537.5℃. This further confirms the IPMSI model's 
comprehensive cutting performance in complex cutting environments. To demonstrate the actual cutting performance of 
the micro-textured tool after parameter optimization in the IPMSI model, the study presents simulation images of the 
cutting process, as shown in Fig. 11. 

 

Fig. 11. Simulation of cutting process 
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As shown in Fig. 11, the micro-textured tool optimized by the IPMSI model exhibits smooth chip discharge during the 
cutting process, and the contact area between the tool front face and the chips shows clear intermittent characteristics. This 
practical application fully demonstrates the effectiveness and superiority of the IPMSI model in the collaborative 
optimization of micro-textured tool parameters, providing strong support for its promotion and application in actual 
industrial production. 

5. Conclusion 

This study innovatively proposed an IPMSI collaborative optimization model for micro-textured tool parameters. This 
model first employed an SVM optimized with MSISSA parameters to build a prediction model, enabling accurate 
characterization of the mapping between input parameters and performance metrics. Subsequently, the IMOPSO algorithm 
was applied to perform multi-objective optimization and generate optimal combinations of tool parameters, thereby 
enhancing overall tool performance. The experimental results showed that in terms of model performance, the proposed 
model achieved prediction accuracies of 97.8% and 97.6% for cutting force and cutting temperature after training was 
completed. In practical terms, when the tool cutting time optimized by the proposed model reached 0.03s, the cutting force 
decreased to 105.3 N, and the cutting temperature was only 501.4°C. Micro-texture reduces cutting force by reducing 
tool-chip friction through oil storage and chip guidance, but excessively reducing the contact area can cause local stress 
concentrations and exacerbate the accumulation of cutting heat. The optimized parameter combination achieved a balance 
between reducing friction and force and controlling temperature, thereby not only strengthening the physical mechanism of 
chip lubrication but also avoiding increased local heat generation. These results demonstrate that the proposed IPMSI 
model offers significant advantages for optimizing micro-textured tool parameters and provides new insights and 
perspectives in related fields. However, the effectiveness of the optimized tool in extreme operating scenarios was not 
evaluated, and the model's general applicability remains to be enhanced. At the same time, it was shown that micro-texture 
geometric parameters significantly affect cutting performance, providing a quantitative basis for the customized design of 
micro-textured tools under different working conditions. Therefore, future research can investigate this aspect further. The 
research results can promote enterprises to shift the design of micro-textured cutting tools from empirical trial and error to 
data-driven quantitative optimization, shorten the research and development cycle, and reduce trial production costs. 
Meanwhile, managers can develop process selection criteria based on the trade-off between parameters and performance, 
thereby ensuring cutting performance while avoiding local thermal damage and improving production stability. 
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