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Abstract

:

The milling process parameters of laser-clad molded parts have an essential influence on improving the surface quality of the coating. Generally speaking, optimizing a single property often leads to a reduction in another property. In this paper, we systematically investigated a milling process parameter optimization method for Fe45 laser-clad molded parts, and designed L9 (33) sets of orthogonal experiments by taking the spindle speed, feed rate, and cutting depth as input variables, and taking the milling force and material removal rate as optimization indices. The significance ranking of the milling process was analyzed by using the extreme difference method. Then, the multi-objective optimization of the milling process was realized by using the NSGA-II algorithm with the empirical index model as the objective function. The optimum milling parameters obtained were N = 2000 r/min, V = 120.0266 mm/min, and P = 0.45 mm. Finally, the reliability of the optimization results of the algorithm was proved by comparing and verifying the optimal results obtained from the algorithm with the optimal process obtained from the extreme difference analysis. The results provide a theoretical basis for the selection of milling parameters and parameter optimization of laser fusion-coated Fe45 alloys.
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1. Introduction


As a medium-carbon high-quality structural steel, 40Cr steel is widely used in the manufacture of high-strength components such as air compressors, steam engine impellers, connecting rods, etc., owing to its good plasticity, weldability, and wear resistance [1,2,3]. However, long-term work in a harsh working environments leads to serious wear on the surface of the parts. Laser cladding technology, as an important part of the surface-strengthening process, offers the advantages of a fast repair speed, saving energy, and environmental protection, as well as high economic benefits, which can provide a good solution for solving the problem of part wear and prolong the service life of parts [4,5,6]. At present, the main cladding powders used are iron-based [7], nickel-based [8], and high-entropy alloys [9], among which iron-based powders can not only realize low costs but also obtain good metallurgical bonding [10,11]. Wang et al. [12] and Wei et al. [13] have successfully prepared iron-based alloy coatings, and found that their performance was significantly improved. However, Shu et al. [14] found that the surface finish of the coatings after laser cladding is reduced due to factors such as channel overlap and the degree of powder melting, and precision machining is usually required to meet the requirements of service conditions. Dry machining, especially in milling, as an effective means of precision machining, can significantly improve the surface roughness and geometrical accuracy of parts to achieve their use function and assembly requirements [15,16].



In recent years, many scholars have conducted research to improve the surface accuracy of forming coatings through laser cladding using the machining technology of milling. Liu et al. [17] conducted single-zone milling experiments on Ni60 cladding coatings, which showed that the average value and fluctuation of milling force in the intermediate zone were minimized, and the machined surface quality was the best. Wang et al. [18] reported the effect of the milling process parameters on the laser coating of a Ti-6Al-4V titanium alloy. Their results showed that the milling force and surface roughness increased and then decreased with an increase in the cutting speed; the milling force and surface roughness increased with increases in the feed per tooth, axial depth of the cut, and width of the cut. Zhao et al. [19] developed a new type of laser cladding powder to address the problems of machining vibration in the milling process. It was found that the addition of La2O3 powder significantly reduced the machining vibration and avoided the occurrence of chattering. Cang et al. [20] investigated the residual stress mechanism and distribution of the milling process, and found that there are compressive residual stresses on the subsurface of the workpiece, and their experimental results were consistent with the simulation results. Although research on milling has made some progress in the machining of cladding molded parts, the milling process still suffers from high cutting forces, high cutting temperatures, easily worn tools, low material removal rates, and the poor quality of milled surfaces [21,22,23]. The reason for most of these problems is that the milling process parameters are not properly controlled, and process optimization can provide the right parameters for experimentation. At present, the optimization of processes has been gradually developed and matured. The main methods include the orthogonal method [24], the Taguchi method [25], the response surface method (RSM) [26], and intelligent algorithms such as the BP neural network (BPNN) [27] and the nondominated sorting genetic algorithm II (the NSGA-II algorithm) [28]. Compared with other methods, the NSGA-II algorithm has the advantages of fast speed, high search accuracy, and the ability to optimize multiple objectives at the same time. Peng et al. [29] and Zhang et al. [30] have also successfully applied the NSGA-II algorithm to optimize the prediction of the quality of laser-clad coatings. However, the optimization effect of the NSGA-II algorithm on the milling parameters of the post-treatment milling process of the fusion coating is still unclear.



In this study, the optimization effect of the NSGA-II algorithm is explored to obtain the optimum parameters for the milling of Fe45 laser cladding alloy coatings prepared on a 40Cr steel surface. An experiment involving the milling processing of laser-clad molded parts with three factors and three levels was designed based on the orthogonal method. The spindle speed, feed rate, and cutting depth were used as the input variables, and the cutting force and material removal rate were used as the optimization indices. The significance ordering of the milling process was analyzed by using the extreme deviation method. A regression model between the milling process and optimization indices was established by using the empirical exponential model. Finally, the regression model was imported into the NSGA-II algorithm for optimization, and the optimization results of the algorithm were examined using the comparative validation method. The results of this study aim to provide a basis for parameter selection in subsequent milling processes.




2. Experiment


2.1. Materials and Equipment


The experiments were conducted on a 40Cr steel plate with a size of 100 mm × 80 mm × 30 mm. Before cladding, the surface of the substrate was pre-treated with a grinder to remove impurities and oxides on the surface. The substrate material was provided by Shanghai Lingjing Metal Co. (Shanghai, China). Fe45 powder was chosen as the cladding powder, which has excellent wear resistance and toughness. The Fe45 powder was offered by China Shaanxi Guizidan New Material Co. (Hanzhong, China). The powder should be dried in a vacuum drying oven before coating to ensure its fluidity. The morphology of the powders is shown in Figure 1, which shows that the powders are distributed in a spherical shape with particle sizes ranging from 3 to 29 μm. The chemical compositions of 40Cr and Fe45 are shown in Table 1.



The laser cladding system for the test and the milling machining center used for the post-cladding treatment are shown in Figure 2. The laser cladding system used in this test (Figure 2a) was manufactured in China and consisted of an RFL-3000D laser, an ABB control system, a dual-compartment powder-feeding system, a water-cooling system, and synchronized powder feeding with argon as the protective gas. The process parameters selected based on the group’s previous experimental research were a laser power of 1800 W, scanning speed of 18 mm/s, powder feeding speed of 1.8 g/min, and defocusing amount of 0 mm [31]. Since the cladding molded parts required for milling were coated in multiple passes, 45% was chosen as the overlap rate on a single-pass basis, and the paths were reciprocating scans. The milling experimental platform for the experiment was a Demagi 5-axis machining center DMU50, which has a maximum spindle speed of 14,000 r/min and a spindle drive power of 23 KW. The cutting tool used was a straight-shank solid carbide 4-flute end mill with a diameter of 6 mm from Walther MC377-06.0A4BC-WK40EA. The feed per tooth was set to 0.075 mm/tooth, the axial depth of the selected cutting tooth was 5 mm, and the milling length was 15 mm, all of which were preset as input dry milling parameters. The dry cutting method of smooth milling was used to avoid the effect of cutting heat on the experimental results. During the milling experiments, the specimens were fixed on a special fixture, while the cutting force was measured using a 9257B force gauge (Kistler, Switzerland), as shown in Figure 2b.




2.2. Experimental Program


The milling of laser-clad molded parts is subject to interactions between machining parameters that often make the milling results difficult to determine. Therefore, the selection of key process factors for parameter optimization is an indispensable part of obtaining high-precision milled parts. Due to the rough surface of the laser cladding specimen, the cladding was first processed with rough milling before the test, so that the surface was smooth and flat. In this study, the spindle speed (N), feed rate (V), and cutting depth (P) were selected as the main factors affecting the machining results to ensure the reliability of the process optimization results. The range of these three factors was determined based on a previous study [14], and nine groups of experiments with three factors and three levels were designed using the orthogonal test method, as shown in Table 2, which presents a table of the experimental factor levels.



The milling force and material removal rate are often chosen as important indicators in milling processes to ensure the accuracy of the machining quality as well as the machining efficiency. The milling force is an important indicator of machine tool performance. An excessive value of the milling force can easily cause machining errors, and can also lead to a decrease in tool life and even damage to the machine tool. If the milling force is too small, it is necessary to increase the spindle speed to ensure the same amount of cutting, which may affect the machining accuracy and increase the wear of the tool [32]. Selecting the appropriate milling force (Fc) is critical for improved machining quality and longer tool life. The milling force signals were collected using a force gauge (KISTLER 9272A) with the sampling frequency set to 20,000 Hz. The material removal rate was used to characterize the efficiency of the milling process as a function of parameters such as the spindle speed, number of milling cutter teeth, and depth of the cut. The material removal rate (Q) is the volume of metal removed through the milling process per unit time, which can also be approximated and defined by the advance distance of the milling cutter along the feed direction per unit time, as shown in Equation (1) for the calculation of the material removal rate. According to the characteristics of the milling force and material removal rate, the cutting force should be as small as possible and the material removal rate should be as large as possible during the actual machining process.


  Q =    v f  ×  a p  ×  a e    1000    



(1)




where vf is the feed speed, mm/min; ap is the cutting depth, mm; and ae is the milling width, mm.





3. Analysis of Results


3.1. Experimental Results


The milling force curve of the machining process can be divided into three stages: when the tool is first fully engaged in cutting, when the tool is cutting smoothly, and when the teeth are cutting out of the workpiece. Hence, the milling force of its machining process was analyzed by selecting one of the nine groups of tests, as shown in Figure 3 for the milling force curves and before- and after-milling profiles of the machining process of group 2. As can be seen from Figure 3a, the radial component force Fx, the main cutting force Fy, and the axial component force Fz gradually increase in the first stage. In the second stage, the milling force remains stable with minor fluctuations. The reason for this is that in the stable cutting process, the teeth of the cutter continuously cut into and out of the workpiece; when the chips are stripped from the workpiece, the cutting force decreases, and with the feed movement of the tool, a new cutting layer is involved in the cutting, and the cutting force increases, and so on with cyclic fluctuations. In the third stage, when the tool is gradually detached from the workpiece, only part of the teeth are involved in the cutting, so the cutting force is gradually reduced. To eliminate the interference of various external factors on the measurement results, the measured value of the cutting force is taken as the mean value of the increment of the cutting force ΔF. From the two-dimensional topography before and after milling shown in Figure 3b,d, it can be seen that there are obvious particle attachments and grooves generated by channel overlap on the surface before milling. From the three-dimensional topography before and after milling shown in Figure 3c,e, it can be seen that the maximum depth of the surface after milling is reduced by 83.23% compared with that before milling. The results of the calculation of the milling force are shown in Table 3. The material removal rate can be obtained from Equation (2).




3.2. Analysis of Process Significance Ranking


The analysis of the significance of the process also plays an important role in the adjustment of the machining process parameters, and the process significance of the milling machining process was analyzed by ranking the process using the extreme deviation method. In general, the value of the extreme difference can be used to analyze the degree of influence of the parameter on the indicator: if the value of the extreme difference is larger, then the degree of influence is larger. On the contrary, if the value of the extreme difference is smaller, it means that the degree of influence is small. At the same time, the optimal combination of parameters for the measured indicator can be obtained according to the magnitude of the extreme value difference. Table 4 shows the results of a polar analysis of the milling force and material removal rate. From Table 4, it can be seen that among the influencing factors of the milling force, the cutting depth is the largest and the feed rate is the smallest. It shows that the cutting depth has the most significant effect on the milling process of fusion coating, with the spindle speed being second, and the feed speed has the least effect on the milling force. When observing the factors affecting the material removal rate in Table 4, it can be seen that the cutting depth value has the greatest effect on the material removal rate, followed by the feed rate, and the spindle speed has the least effect on the material removal rate. According to the results of the polar analysis, it can be seen that the combination of process parameters is N3V3P3 to obtain a milling force that is small enough and N1V3P3 to obtain a material removal rate that is large enough. The larger the extreme value difference, the greater the degree of influence of the factor on the indicator being measured. Conversely, a smaller difference in extreme values for a factor means a smaller degree of influence.




3.3. Model Construction Based on Experience


For the ability to accurately express the relationship of the spindle speed, feed rate, and cutting depth with the cutting force Fc and material removal rate Q, an empirical formula for Fe45 alloy coating milling is established based on the principle of metal cutting, assuming that there exists an exponential relationship between each parameter of milling and the milling force and material removal rate, as shown in Equation (2):


  y = C +   ∑  i = 1  k    b i   e   x i      +   ∑ i k     ∑ j k    b  i j    e   x i  +  x j        +   ∑ i k    b  i i    e   x i 2       



(2)




where C is the coefficient related to the workpiece’s material properties, tool geometry parameters, etc.; xi, xij, and xj denote the coded values of the variables; bi, bij, and bii are the indices of each milling parameter.



The conversion of the exponential function into the linear function is required to calculate the empirical formulas for Fc and Q. The exponential function is then transformed into the linear function. Taking logarithms on both sides of Equation (2) simultaneously gives the following:


  ln y = ln C +   ∑  i = 1  k    x i  ln  b i    +   ∑ i k     ∑ j k    x  i j   ln  b  i j       +  x  i i  2    ∑  i = 1  k   ln    b  i i    



(3)







If we let Y = lny, B0 = lnC, Bi = lnbi, Bij = lnbij, and Bii = lnbii, it is then transformed into a linear function, as Equation (4):


  Y =  B 0  +   ∑  i = 1  k    B i   x i    +   ∑ i k     ∑ j k    B  i j    x  i j       +   ∑  i = 1  k    B  i i      x  i i  2   



(4)







Due to the existence of the error in the test process, the e is introduced as an error index to fix Equation (4), and the corrected formula is shown in Equation (5):


  Y =  e   ε 0     B 0  +   ∑  i = 1  k    e   ε i     B i   x i    +   ∑ i k     ∑ j k    e   ε  i j      B  i j    x  i j       +   ∑  i = 1  k    e   ε  i i      B  i i      x  i i  2   



(5)







The experimental results shown in Table 3 were utilized in conjunction with Equation (5) to develop an empirical regression model for the milling force Fc and the material removal rate Q.


     F c  = 16.61 + 1.22  e N  + 1.30  e V  + 2.89  e P  + 1.28  e  N V       − 1.17  e  N P   − 1.36  e  V P   + 1.02  e   N 2    + 1.01  e   V 2       



(6)






    Q = 0.0249 + 0.748  e N  + 0.913  e V  + 0.059  e  N V       − 0.015  e  N P   + 0.011  e  V P   + 1.33  e   N 2    − 0.006  e   V 2       



(7)








3.4. Significance Test of the Model


The significance of the prediction model has an important influence on the subsequent optimization results. The more significant the model is, the more reliable the optimization results are, and vice versa. The optimization results will deviate from the desired values. Table 5 shows the significance of the test of the milling force and material removal rate. The t1, t2, and t3 represent values of t for N, V, and P, respectively. The R2 values of Fc and Q during milling were 0.860 and 0.979, respectively. The R2 values of the predictive models for the regression analysis were both greater than 0.8, which indicated the higher significance of the predictive models for the milling force and material removal rate. The F-values of Fc and Q were and 58.521 and 7.312, respectively, and it was found by checking the F-value table that the F-values of Fc and Q are greater than F0.01 and the fit is highly significant.



The empirical prediction model for the milling force was fitted and tested based on MATLAB R2022b. The probability plots of the residual normal distribution of Fc and Q are shown in Figure 4. As can be seen from the figure, all of the values are distributed along both sides of the reference line, which indicates that they conform to a normal distribution and the fit is high. It is also clear from Table 5 that the empirical prediction models of Fc and Q are better and can be used for further optimization of the parameters studied.





4. Optimization of Processes


4.1. Principle of the NSGA-II Algorithm


The NSGA-II algorithm is developed on the basis of genetic algorithms, which reduces the complexity of non-inferiority sorting genetic algorithms and improves the running speed of the algorithms as well as the convergence of the solution set through the concepts of fast nondominated sorting, aggregated distance sorting, and elite strategy [33]. A schematic diagram of the NSGA-II algorithm is shown in Figure 5. The genetic operation is used to generate the offspring population, which will be merged with the parent population and will be subjected to congestion distance sorting and non-inferiority sorting to form a new population. This process will be iterated until the termination condition is satisfied. The neighboring points of the same dominance order in the target space are congested distances, and their introduction helps to maintain the diversity of Pareto optimal solutions. The elite strategy is to perform non-dominated sorting and aggregation computation on the current population and select the optimal individuals as the new parent population. The population generated after multiple generations of selection, crossover, and mutation will be uniformly distributed to converge on the Pareto optimal front end, resulting in improved algorithm convergence.




4.2. Model for Multi-Objective Optimization


The milling model for laser-clad molded parts should be based on the lowest possible milling force and the highest possible material removal rate, which contributes to the stability of the milling process and reducing the tool wear. The multi-objective optimization model using Equations (6) and (7) is shown in Equation (8).


   {      min  F c  ( N , V , P )       max  Q c  ( N , V , P )        



(8)







When the optimization of parameters is carried out, the milling parameters cannot be taken as infinitely large or infinitely small due to the range of parameters of machine tools and cutting tools. So, it is necessary to constrain the range of milling parameters. The objective function will also be constrained by many factors in the actual machining process, meaning that when formulating the optimal combination of parameters, it is also necessary to consider the actual situation to increase the constraints of each parameter, including the feed rate, the axial depth of the cut, and so on. The specific constraints of each parameter are as follows:




	(1)

	
Spindle speed:











   {       g 1  ( N ) = 2000 − N ≤ 0        g 2  ( N ) = N − 3200 ≤ 0        



(9)







	(2)

	
Feed rate:








    {       g 3  ( x ) = 120 − V ≤ 0        g 4  ( x ) = V − 180 ≤ 0         



(10)





	(3)

	
Cutting depth:








    {       g 5  ( x ) = 0.1 − P ≤ 0        g 6  ( x ) = P − 0.5 ≤ 0         



(11)






4.3. Results of the Optimization and Validation


The NSGA-II optimization algorithm was programmed using Python 3.10 software, and the parameters and the initial values set during the computation are shown in Table 6. The front-end variation trend graph for the Pareto optimal solution was obtained through Python calculation, as shown in Figure 6.



From Figure 6, it can be seen that the variation in the material removal rate is more significant in the AB section. In the CD section, the variation in the material removal rate decreases, but the variation in the milling force is larger. As the optimization objective here is to simultaneously reduce the milling force as well as to increase the material removal rate, the BC segment is the most reasonable solution set in theory. The Pareto solution for the BC segment is thus extracted, as shown in Table 7.



From the data in the table, it can be seen that the change range of the parameters of the optimal solution set and the response index is small, because the influence trend of the milling parameters on the milling force and material removal rate is consistent. A proper increase in the milling depth improves the material removal rate, increasing the machining efficiency and reducing the machining cost. When using the NASG-II algorithm to optimize the milling parameters, there are an infinite number of Pareto optimal solution sets obtained. Considering the convenience of parameter selection in the milling process, the recommended milling parameter combinations are as follows: N = 2000 r/min, V = 120.0266 mm/min, P = 0.45 mm. The optimal parameter combinations are experimentally verified, and the obtained milling force is 18.42 N, while the material removal rate is 0.0498 cm3/min. The errors with the calculated milling force and material removal rate are 5.74% and 8.79%, which are both less than 10%, and meet the actual processing requirements.



For the further verification of the improvement of the milling performance after process optimization, two groups of optimal process combinations (group 3 and group 9) from the extreme variance analysis were selected for comparison with the optimal parameter combinations, as shown in Figure 7. From Figure 7, it can be noticed that the milling force of the optimal group was reduced by 51.3% and 51.8% compared to groups 3 and 9, respectively. The material removal rate of the optimal group was reduced by 17% and 7.8% compared to groups 3 and 9. From the comparative results, it can be seen that although the material removal rate was reduced, the milling force was greatly improved. Based on engineering experience, it is known that this parameter can provide a reference for the selection of subsequent milling processing parameters [20]. As the accuracy of this optimization result is still insufficient, the subsequent development of new hybrid intelligent optimization methods should be continued to avoid problems such as locally optimal solutions arising from a single algorithm.





5. Conclusions


In this study, the selection of milling process parameters for laser fusion cladding coating of Fe45 alloys was investigated, the significance of the process was analyzed using the orthogonal method, a regression model between the milling process and the milling force and material removal rate was established by using the exponential empirical model, and the milling parameters were optimized using the NGSA-II optimization algorithm. The main conclusions are as follows:




	(1)

	
The process effects of milling force were significantly ranked as cutting depth > spindle speed > feed rate. For the material removal rate, the significance was ranked as cutting depth > feed rate > spindle speed.




	(2)

	
Reliable regression models for the spindle speed, feed rate, and cutting depth with the milling force and material removal rate were developed using empirical exponential models.




	(3)

	
The NSGA-II algorithm was used to optimize the milling parameters and the optimum process parameters were N = 2000 r/min, V = 120.0266 mm/min, and P = 0.45 mm. The results obtained with the algorithm were found to be better by comparing them with the two sets of results from the extreme variance analysis.




	(4)

	
The results of this study can provide some technical support for the control and prediction of the milling process for laser-melted Fe45-forming coatings. Further research should continue to develop efficient hybrid intelligent optimization methods to improve the optimization accuracy in the future.
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Figure 1. Powder morphology. 
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Figure 2. Experimental cladding system and experimental platform for milling; (a) laser cladding systems; (b) milling centers. 
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Figure 3. Milling force curves and milling profiles. (a) Graph of milling force; (b) two-dimensional morphology before milling; (c) three-dimensional morphology before milling; (d) two-dimensional morphology after milling; (e) three-dimensional morphology after milling. 
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Figure 4. Effect of fitting the empirical model for the milling force: (a) Fc; (b) Q. 
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Figure 5. Flowchart of the NSGA-II algorithm. 
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Figure 6. Pareto optimization frontier solution. 
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Figure 7. Comparison of response indicators. 
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Table 1. Chemical compositions of 40Cr and Fe45.






Table 1. Chemical compositions of 40Cr and Fe45.





	Element
	Cr
	C
	Si
	Mn
	Ni
	W
	Fe





	40Cr
	0.8
	0.37
	0.17
	0.5
	-
	-
	-



	Fe45
	18.0
	0.15
	2.0
	0.2
	1.0
	1.0
	Bal.










 





Table 2. Table of experimental factor levels.
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	Level
	Level 1
	Level 2
	Level 3





	N (r/min)
	2000
	2600
	3200



	V (mm/min)
	120
	150
	180



	P (mm)
	0.1
	0.3
	0.5










 





Table 3. Experimental results.
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	Order
	N (r/min)
	V (mm/min)
	P (mm)
	Fx (N)
	Fy (N)
	Fz (N)
	Fc (N)
	Q (cm3/min)





	1
	2000
	120
	0.1
	1.385
	2.2447
	2.0664
	3.3507
	0.012



	2
	2000
	150
	0.3
	2.7916
	13.4316
	2.286
	13.9078
	0.045



	3
	2000
	180
	0.5
	4.8578
	37.4857
	1.1876
	37.8178
	0.06



	4
	2600
	120
	0.3
	1.7881
	13.6655
	3.054
	14.1163
	0.036



	5
	2600
	150
	0.5
	1.9372
	47.4412
	6.2078
	47.8848
	0.075



	6
	2600
	180
	0.1
	1.5108
	7.9717
	7.6559
	11.1554
	0.018



	7
	3200
	120
	0.5
	0.9848
	44.6401
	6.5052
	45.1123
	0.06



	8
	3200
	150
	0.1
	1.0977
	5.6013
	6.193
	8.4222
	0.015



	9
	3200
	180
	0.3
	1.0345
	36.49
	11.2882
	38.2101
	0.054










 





Table 4. Polarization analysis results.
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Norm

	
Factor

	
K1

	
K2

	
K3

	
R






	
Fc

	
N

	
18.359

	
24.386

	
30.582

	
12.223




	
V

	
20.860

	
23.405

	
29.061

	
8.201




	
P

	
7.643

	
22.078

	
43.605

	
35.962




	
Q

	
N

	
0.049

	
0.043

	
0.043

	
0.006




	
V

	
0.036

	
0.045

	
0.054

	
0.018




	
P

	
0.015

	
0.045

	
0.075

	
0.060











 





Table 5. Significance test of the regression analysis prediction model.
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	Model
	     R 2     
	F
	Fitting Degree
	     t 1     
	     t 2     
	     t 3     
	The Significance of Factors





	Fc
	0.860
	58.521
	*
	−4.649
	4.940
	13.557
	    t  0.001   ( 5 ) >  t 3  >  t 2  >  t 1    



	Q
	0.979
	7.312
	**
	5.232
	1.915
	2.307
	    t 3  >  t  0.001   ( 5 ) >  t 1  >  t 2    







Note:    F  0.05   ( 3 , 5 ) = 5.409  ;    F  0.01   ( 3 , 5 ) = 12.060   is highly significant when   F >  F  0.01    , denoted as   **  ;    F  0.01   ( 3 , 5 ) = 12.060   is significant when    F  0.01   > F >  F  0.05    , denoted as  * .    t  0.001   ( 5 ) = 6.869 ,    t  0.01   ( 5 ) = 3.365  .













 





Table 6. Parameter settings.
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Name of the Parameter

	
Setting Options






	
Types of populations

	
Double vector




	
Size of the group

	
100




	
Maximum number of iterations

	
100




	
Initial population

	
[2000, 120, 0.1]




	
Intersection function

	
Dual-node




	
Options for plotting

	
Pareto




	
Evaluation of the fitness function

	
Two-way traffic




	
Range of values

	
Min [2000, 120, 0.1]




	
Max [3200, 180, 0.5]











 





Table 7. Partial BC data for the Pareto front end.
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	Number
	N

(r/min)
	V

(mm/min)
	P

mm
	Fc

(N)
	Q

(cm³/min)





	1
	2000
	120.0266
	0.454815
	17.43
	0.0546



	2
	2000
	120.0026
	0.461203
	17.71
	0.0553



	3
	2000
	120.1382
	0.466846
	17.97
	0.0563



	4
	2000
	120.0666
	0.473983
	18.25
	0.0571



	5
	2000
	120.2213
	0.478866
	18.56
	0.0579



	6
	2000.001
	120
	0.486133
	18.82
	0.0585



	7
	2000
	120.2292
	0.491174
	19.05
	0.0591



	8
	2000
	120
	0.498324
	19.38
	0.0600



	9
	2000
	120.9121
	0.5
	19.61
	0.0606



	10
	2000
	122.1445
	0.5
	19.95
	0.0612
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













nav.xhtml


  coatings-14-00449


  
    		
      coatings-14-00449
    


  




  





media/file8.jpg





media/file11.png
(uru/ wo) d)el [BAOWDI [RLIdJRIA

................................................ Q]
s ]
(s ]
s
. 1
00
. . S ]
(s .
..................... g
%0
0\9
00
9 -
< 9
1 ﬁr Q—J | 1 | | 1 |
= g8 8 3 S & &8 & 38 =
S % S5 S 3 3 53

15 20 25 30 35 40
Force of milling (N)

10





media/file6.jpg
Percentage (%)

(b)
© Points of residuals ® 5[+ o ofvesdats
| Refomteo e - Retorece ne
o5|— Lovertni s5|[— Lower
Urperlimit = Unpes i
" EE)
w 2 )
ol g £
! !
0TTET 0T o0 e 07 03

0,015 -0.010-0,005 0.000 0005 0010 0015

Q cm*/miny






media/file1.png





media/file13.png
Force of milling (N)

50

NN
(e}

(98]
o

\®]
<

[a—
(e

18.42

Optimal group

- Force of milling
[ | Material removal rate
37.82

0.0498
I

0.0600

Group 3th

3821 0540

G