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Abstract

Molybdenum (Mo), owing to its excellent properties, is widely used as a plasma-facing
material and is recognized as a typical difficult-to-machine material. Achieving high-quality,
low-damage machining is essential for ensuring the service reliability of Mo components.
However, studies on the milling of Mo remain limited. Therefore, this study investigates
a high-quality, low-damage milling technique for Mo based on analyses of milling force,
machined surface roughness, and white layer formation. First, the effects of machining
parameters, including radial depth of cut (ae), spindle speed (n), and feed per tooth (f z),
on the responses, namely milling force (F) and surface roughness (Ra), were investigated.
The relationships between milling force, surface roughness, and white layer formation
were analyzed. Subsequently, the response surface methodology (RSM) was employed to
reveal the influence mechanisms of the machining parameters and their interactions on the
response variables. Finally, a Kriging surrogate model integrated with the Non-dominated
Sorting Genetic Algorithm II (NSGA-II) was adopted to identify the optimal machining
parameter combination for high-quality, low-damage milling. The results indicate that the
milling force and white-layer thickness exhibit consistent increasing trends with increasing
feed per tooth under the investigated conditions, demonstrating that controlling the milling
force is an effective approach for achieving high-quality, low-damage milling of Mo. For the
simultaneous minimization of milling force and surface roughness, the optimal machining
parameters were determined to be a radial depth of cut of 0.2101 mm, a spindle speed of
10,090.7 rpm, and a feed per tooth of 0.01 mm/z. These findings provide valuable process
parameter guidance for the precision machining of Mo components.

Keywords: milling; response surface methodology (RSM); surface integrity; multi-
objective optimization

1. Introduction
Molybdenum (Mo) exhibits a low sputtering yield and low hydrogen-isotope retention

in plasma environments, making it an ideal candidate material for plasma-facing com-
ponents (PFCs) and critical components in light-source chambers [1–3]. However, owing
to its high strength, low ductility, and poor thermal conductivity, Mo is regarded as a
typical difficult-to-machine material. During the machining of complex components, the
machined surface is subjected to pronounced thermo-mechanical coupling, which promotes
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the formation of a white layer and other surface defects. These machining-induced defects
can facilitate fatigue crack initiation and delamination, thereby reducing the service relia-
bility and lifetime of Mo components. Therefore, investigating the relationship between
machining parameters and machined surface quality during the machining of Mo is of
great significance.

Gokce et al. [4] conducted orthogonal milling experiments on Mo and reported that
the feed speed had the greatest influence on the milling force, whereas the cutting speed
exerted the most significant effect on surface roughness. Zhang et al. [5] investigated the
formation mechanism of the white layer during the milling of nickel-based superalloy
GH4169 and demonstrated that the white layer originated from grain refinement induced
by dynamic recovery and recrystallization under thermo-mechanical coupling. Li et al. [6]
found that the milling force and cutting temperature are the primary factors governing
white layer formation. Specifically, the milling force induces severe plastic deformation in
the machined surface, leading to grain refinement and promoting the formation of the white
layer. Ekinovic et al. [7] optimized the milling parameters for hardened steel and identified
the optimal ranges of cutting speed and feed speed, thereby mitigating the adverse effects of
the white layer on the workpiece quality and surface integrity. Umbrello et al. [8] reported
that the white layer primarily results from phase transformation induced by cutting heat,
while plastic deformation caused by the milling force facilitates grain refinement and phase
transformation. Tong et al. [9] investigated the milling of titanium alloy using ball-end
mills with mesoscale geometric features and found that the microtextures reduced the
tool-workpiece contact area, thereby decreasing the milling force and cutting temperature,
which consequently reduced the white layer thickness. Mouralova et al. [10] conducted
micro-milling experiments on pure Mo and investigated the surface morphology, burr
height, and tool wear, with the optimized machining parameters determined through
orthogonal experiments. Brown et al. [11] investigated the effects of cutting speed, tool
wear, and up- and down-milling on white-layer formation and plastic deformation through
orthogonal milling experiments and numerical simulations and found that severe plastic
deformation, ploughing, and friction promote white-layer formation. Marçal et al. [12]
performed high-resolution characterization of the machined white layer in Inconel 718 and
revealed pronounced grain refinement within the white layer and evident lattice strain in
the near-surface region. Hassanpour et al. [13] studied the relationship between cutting
parameters and surface integrity during the minimum quantity lubrication (MQL) milling
of AISI 4340 steel and demonstrated that cutting speed and feed speed are the key factors
affecting white layer thickness. Xu et al. [14] optimized milling parameters by integrating
response surface methodology (RSM) with the Non-dominated Sorting Genetic Algorithm
II (NSGA-II), achieving the minimum milling force and surface roughness together with
the maximum material removal rate. Qu [15], Lu [16], Zhou [17], Li [18], and others also
employed NSGA-II to optimize milling process parameters.

This indicates that studies on the machining of Mo remain limited. Previous studies
have shown that white layer formation is primarily governed by thermo-mechanical cou-
pling during the cutting process [19]. Therefore, in this study, a flood cooling strategy was
employed to suppress the influence of thermal effects on white layer formation, while the
surface quality of milled Mo was improved through the optimization of milling process
parameters. First, the effects of the machining parameters, including the radial depth of cut
(ae), spindle speed (n), and feed per tooth (f z), on the response variables, namely the milling
force (F) and surface roughness (Ra), were investigated, and the relationship between the
response variables and white layer thickness was analyzed. Subsequently, response surface
methodology (RSM) was employed to elucidate the effects of the machining parameters
and their interactions on the response variables. Finally, the optimized machining param-
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eters were determined by integrating a Kriging surrogate model with a multi-objective
optimization algorithm.

2. Experimental Method and Material
2.1. Experimental Setup

The milling experiments were conducted on a CarverPMS23_A8 machining center with
a maximum spindle speed of 36,000 rpm. The travel ranges of the X-, Y-, and Z-axes were
400 mm, 400 mm, and 230 mm, respectively. A 4 mm diameter cemented carbide end mill
with four flutes, a helix angle of 35◦, and a TiAlN coating was used in the experiments,
and its specifications are listed in Table 1. The workpiece material was Mo with a purity
of 99.95%, and the dimensions of the machined specimens were 20 mm × 30 mm × 60 mm.
It was supplied by ATTL Advanced Materials Co., Ltd., Tianjin, China, and its relevant
thermophysical properties are summarized in Table 2. The surface roughness, Ra, of the
unmachined Mo specimens was measured at different locations, with an average value of
0.651 µm. During milling, an extreme-pressure emulsion was supplied by flood cooling at a
concentration of 5% and a flow rate of 2.5 L/min. Three processing experiments were repeated
under each condition. The experimental setup and measurement instruments are shown in
Figure 1. Ra was measured perpendicular to the predominant milling lay, i.e., perpendicular
to the feed direction. The cut-off wavelength was 0.8 mm, and the evaluation length was
4.0 mm (5 × 0.8 mm), with a Gaussian filter applied. Five measurements were performed at
different locations on each machined surface, and their average was taken as the Ra value of
each specimen. Three independent specimens were tested under each experimental condition.
The reported values are the mean values of the three specimens, and the error bars represent
the corresponding standard deviations. Milling force (F) was measured using a Kistler 9257B
three-component dynamometer (Kistler Group, Winterthur, Switzerland). The cutting-force
signals were acquired at a sampling frequency of 20 kHz. During the stable cutting stage,
five different time intervals were selected. For each time interval, the instantaneous resultant
milling force was first calculated at each sampling point as the square root of the sum of the
squares of the three orthogonal force components (Fx, Fy, and Fz). The maximum resultant
force within the interval was then taken as the representative milling force. The resultant
forces obtained from the five intervals were then averaged and taken as the representative
milling force for the corresponding experimental condition.

Table 1. Specifications of the milling cutter.

Materials Diameter (mm) Coating Helix Angle (◦) Number of Flutes

Cemented carbide 4 TiAlN 35 4

Table 2. Thermophysical properties of Mo.

Property Value

Coefficient of thermal expansion (ppm·K−1) 4.8
Yield strength (MPa) 600

Poisson’s ratio 0.31
Vickers hardness (HV) 239
Elastic modulus (GPa) 329

Density (g·cm−3) 10.15
Specific heat capacity (J·kg−1·K−1) 251
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Figure 1. Experimental setup and measurement instruments.

2.2. Experimental Design

Based on previous milling studies of other difficult-to-machine materials, the milling
force (F) and surface roughness (Ra) were selected as the response variables in this study,
while the radial depth of cut (ae), spindle speed (n), and feed per tooth (f z) were chosen as
the machining parameters. Milling experiments were conducted to investigate the effects
of the machining parameters on the response variables. The milling parameters used in the
experiments are listed in Table 3.

Table 3. Milling parameters used in the experiments.

Symbol Control Factor Level Constant Level

1 Spindle speed n (rpm) 3000, 6000, 9000, 12,000, 15,000
ap = 0.1 mm,

f z = 0.01 mm/z,
ae = 0.2 mm

2 Feed per tooth f z (mm/z) 0.01, 0.02, 0.03, 0.04, 0.05
ap = 0.1 mm,

n = 12,000 rpm,
ae = 0.2 mm

3 Radial depth of cut ae (mm) 0.2, 0.4, 0.6, 0.8, 1.0
ap = 0.1 mm,

n = 12,000 rpm,
f z = 0.01 mm/z

2.3. Results and Discussion
2.3.1. Effects of Machining Parameters on the Milling Force and Surface Roughness

The effects of the machining parameters on the milling force (F) and surface roughness
(Ra) are presented in Figure 2. As shown in Figure 2, increasing the feed per tooth (f z) and
radial depth of cut (ae) leads to a larger undeformed chip thickness and a longer engaged
cutting edge, thereby increasing the material removal rate and consequently the milling
force. In contrast, the milling force decreases with the increase in spindle speed (n).

To assist in interpreting the decrease in milling force with increasing spindle speed,
additional cutting-temperature measurements were performed under dry milling condi-
tions while keeping the other machining parameters unchanged. Dry milling was adopted
because the cutting fluid under flood cooling obscures the cutting region and interferes
with the infrared radiation received by the thermal imager, making direct temperature
measurement difficult. Therefore, the dry-milling temperature measurements were used
only to identify the variation trend of cutting temperature with spindle speed and to assist
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in explaining the corresponding variation in milling force. As shown in Figure 3, the
cutting temperature increases with spindle speed. The resulting thermal softening of the
workpiece material, accompanied by a reduction in the friction coefficient, contributes
to the decrease in milling force. The underlying force-reduction mechanism was further
analyzed using the dual-zone contact model [20–22], as expressed in Equations (1) and (2).
As the spindle speed increases, both the milling speed and the strain rate in the primary
shear zone increase, thereby intensifying the adiabatic shear effect and narrowing the
shear band. This leads to an increase in the equivalent shear angle and, consequently, a
reduction in the milling force [22]. In addition, higher milling speeds promote the periodic
formation of continuous chips along the shear band, whereas fragmented chips associated
with pronounced work hardening are more likely to form at lower speeds. The formation
of continuous chips indicates a more stable cutting process with reduced force fluctuations,
thereby contributing to lower surface roughness. It should be noted that the thermal envi-
ronment under dry milling differs substantially from that under flood cooling. Therefore,
the temperature results presented here are used only to interpret the variation in milling
force and are not used to explain white-layer formation under flood-cooling conditions.

Figure 2. Effects of ae, f z, and n on the milling force (F) and surface roughness (Ra).

The variation in surface roughness (Ra) exhibits a trend similar to that of the milling
force (F). As the feed per tooth (f z) and radial depth of cut (ae) increase, the milling force
increases, which may induce machining vibrations. Meanwhile, the plastic deformation
zone expands, leading to an increase in the residual surface profile height and, consequently,
a higher surface roughness (Ra). In contrast, as the spindle speed (n) increases, the milling
force decreases, and the residual surface profile height is reduced, resulting in a lower
surface roughness (Ra).
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Figure 3. Effect of spindle speed (n) on the maximum cutting temperature (Tmax).

ϕ =
π

4
+ γ0 − β (1)

Fc =
τsbh cos(β − γ0)

sin ϕ cos(ϕ + β − γ0)
(2)

2.3.2. Effects of Machining Parameters on the White Layer

Previous studies have demonstrated that the white layer is formed through the com-
bined effects of cutting heat and plastic deformation, exhibiting a pronounced thermo-
mechanical coupling characteristic during its formation [19]. In the present study, flood
cooling was employed to significantly reduce the temperature in the milling zone, thereby
suppressing the influence of thermal effects on white layer formation to a certain extent.
The single-factor experimental results indicate that the milling force (F) and surface rough-
ness (Ra) exhibit similar variation trends. Since the feed per tooth (f z) produces the largest
variation in the milling force, the white layer thicknesses of the five specimens in Group B
of Table 3 are further characterized and analyzed. Here, the criterion used to determine the
white layer thickness was the maximum value measured from three cross-sections rather
than the average value. Considering that the white layer is a form of machining-induced
damage that may adversely affect component service performance, particularly fatigue
life, the locally thickened regions are of particular concern. Because the white layer is
non-uniformly distributed along the machined surface, the use of an average thickness may
underestimate severe localized damage. Therefore, the maximum white layer thickness
was selected as the evaluation index in this study.

The specimens were mounted in edge-retention resin and then mechanically ground
and polished. The machined cross-sections were subsequently metallographically etched
using Murakami’s reagent [23]. After etching, a distinct microstructural difference between
the machined surface layer and the substrate was observed, as shown in Figure 4. The
variation in white layer thickness at different feed per tooth values (f z) is presented in
Figure 5. As f z increases, both the milling force (F) and white layer thickness increase.
This indicates that a higher milling force intensifies the tool-workpiece interaction and
subjects the workpiece surface layer to stronger compressive and shear deformation, thereby
aggravating plastic deformation and promoting white layer formation. Therefore, reducing
F and Ra through the optimization of machining parameters helps mitigate machined
surface damage and reduce the white layer thickness.
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Figure 4. Metallographic morphology of the white layer.

Figure 5. Effect of feed per tooth (f z) on the maximum white layer thickness. The dashed lines
indicate the boundaries of the white layer used for determining the maximum white-layer thickness.

After removing the edge-retention resin, the surface opposite the etched cross-section
was selected for EDS analysis. Before measurement, this surface was mechanically ground
and polished, followed by ultrasonic cleaning in absolute ethanol to minimize interference
from residual resin, etchant residues, and the surface oxide layer. EDS line scans were per-
formed across the Mo substrate and the white layers produced under different machining
parameters to characterize variations in elemental distribution among the different regions.
The EDS results are presented in Figure 6. The results show that Mo is the predominant
element in both the substrate and the white layers formed under different machining
conditions, with no evident overall change in chemical composition. This indicates that
the white layer is primarily formed through microstructural evolution of the Mo substrate.
Compared with the substrate, the white layer exhibits increased C and O contents. The
increase in O content is likely associated with oxidation of the Mo surface during machin-
ing [24]. As the feed per tooth (f z) increases, small amounts of Ti and Al are detected in
the white-layer region, which may be related to increased wear of the TiAlN coating and
subsequent material transfer caused by stronger tool–workpiece interaction.
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Figure 6. EDS of the substrate and white layers under different feed per tooth values.

To further investigate the effect of the feed per tooth (f z) on the white layer microstruc-
ture, two representative specimens, denoted as A and B, corresponding to f z = 0.05 mm/z
and f z = 0.02 mm/z, respectively, were selected for EBSD analysis. The results are presented
in Figure 7. Considering that the white layer thickness varies along the machined surface
and the interface between the white layer and the substrate is irregular, the region within
5 µm beneath the machined surface was defined as the white layer for statistical analysis,
while the region below this depth was regarded as the substrate.

https://doi.org/10.3390/met16080935
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Figure 7. EBSD characterization results of specimens A and B.
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The EBSD results indicate that both the white layer and the substrate of specimens A
and B exhibit a pronounced {111}//ND preferred orientation, suggesting that the white
layer retains part of the crystallographic orientation inherited from the substrate despite
significant grain refinement. It shows that the average grain sizes of the white layer and
substrate are 0.64 µm and 1.35 µm, respectively, for specimen A, and 0.60 µm and 1.78 µm,
respectively, for specimen B. These results indicate that the compressive and shear actions
exerted by the cutting tool during milling promote grain refinement in the surface layer.
Although specimen A exhibits a thicker white layer than specimen B, their average grain
sizes are comparable, indicating that the white layer thickness is not linearly correlated
with the degree of grain refinement.

It further reveals that the maximum pole densities of specimens A and B are 6.96 and
12.66, respectively, from the pole figure analysis. The pole distribution of specimen A is rel-
atively more dispersed, indicating a lower degree of crystallographic texture concentration.
The grain boundary misorientation analysis shows that the fractions of low-angle grain
boundaries (LAGBs) are 59.3% and 82.0% for specimens A and B, respectively. Moreover,
the average kernel average misorientation (KAM) and geometrically necessary dislocation
(GND) density in the white layer are 0.73◦ and 20.68 × 1014 m−2 for specimen A, and
0.89◦ and 24.58 × 1014 m−2 for specimen B, respectively. To evaluate the influence of the
selected statistical depth, an additional sensitivity analysis was performed using 3 and
5 µm statistical regions for both specimens and an 8 µm region for specimen A. Although
the absolute KAM and GND values varied slightly with the statistical depth, the relative
trends between specimens A and B remained unchanged, indicating that the use of the
fixed 5 µm statistical region does not affect the main conclusions of the EBSD analysis. The
white layer formed under the lower feed per tooth exhibits more pronounced local lattice
misorientation gradients and dislocation accumulation [25].

3. Response Surface Analysis
3.1. Response Surface Methodology

A Box–Behnken Design (BBD) based on response surface methodology (RSM) was
employed to design the experiments and evaluate the effects of the machining parameters
on the response variables. Each machining parameter was investigated at three levels.
Based on the results of the single-factor experiments, a combination of low radial depth
of cut (ae), high spindle speed (n), and low feed per tooth (f z) is favorable for achieving
high-quality machining. Accordingly, the factors and levels adopted in the BBD are listed
in Table 4.

Table 4. Factors and levels used in the BBD.

Level Spindle Speed,
n (rpm)

Feed per Tooth,
f z (mm/z)

Radial Depth of Cut,
ae (mm)

−1 6000 0.01 0.2
0 9000 0.02 0.4
1 12,000 0.03 0.6

The response surface experimental results are summarized in Table 5. Analysis of
variance (ANOVA) and response surface plots are employed to investigate the relationships
between the input variables, namely the radial depth of cut (ae), spindle speed (n), and feed
per tooth (f z), and the response variables, namely the milling force (F) and surface roughness
(Ra). Based on the RSM analysis, the complete second-order polynomial regression models
for milling force (F) and surface roughness (Ra) were obtained as follows:
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F = 223.1525 − 0.028097n−5455.7075 fz − 32.81413ae + 0.210742n fz

−0.003347nae + 2009.5 fzae + 1.17353 × 10−6n2 + 93195.5 f 2
z + 70.66375a2

e
(3)

Ra = 0.18975 + 0.000047n−34.1125 fz − 0.2825ae + 0.001408n fz − 0.000068nae

+52.00 fzae − 2.20833 × 10−9n2 + 376.25 f 2
z + 0.296875a2

e
(4)

Table 5. BBD experimental runs and corresponding responses.

Input Variables Response Variables

Number n (rpm) f z (mm/z) ae (mm) F (N) Ra (µm)

1 12,000 0.03 0.4 55.995 0.506
2 6000 0.02 0.6 65.187 0.336
3 9000 0.02 0.4 30.563 0.288
4 12,000 0.02 0.6 40.528 0.286
5 9000 0.02 0.4 32.942 0.240
6 9000 0.02 0.4 33.068 0.269
7 9000 0.03 0.2 43.119 0.253
8 9000 0.02 0.4 33.641 0.282
9 12,000 0.01 0.4 22.519 0.132
10 6000 0.01 0.4 63.691 0.144
11 9000 0.01 0.2 33.085 0.174
12 9000 0.01 0.6 40.414 0.168
13 6000 0.02 0.2 49.511 0.147
14 12,000 0.02 0.2 32.885 0.259
15 9000 0.02 0.4 37.983 0.246
16 9000 0.03 0.6 66.524 0.663
17 6000 0.03 0.4 71.878 0.349

Figure 8 presents the normal probability plots of the residuals for the milling force
(F) and surface roughness (Ra), which are used to evaluate the deviations between the
experimental and predicted values. The residuals are uniformly distributed around the
reference line without any significant deviation, indicating that the residuals approximately
follow a normal distribution. The coefficients of determination (R2) of the models for F and
Ra are 0.9802 and 0.9756, respectively, demonstrating that the developed models possess
high prediction accuracy.

Figure 8. Normal probability plots of residuals for the milling force (F) and surface roughness (Ra).
The square symbols represent the residuals of the experimental data, and the solid line represents the
theoretical normal-distribution reference line.
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3.2. Response Analysis of the Milling Force

The significance of the developed model was evaluated by analysis of variance (ANOVA),
and the corresponding results for the milling force are presented in Table 6. For ANOVA, the
F-value reflects the significance of each term, whereas the p-value indicates the corresponding
confidence level. A p-value less than 0.05 indicates that the corresponding term is statistically
significant. The developed model exhibits a p-value below 0.0001, demonstrating that the
regression model is highly significant. The lack-of-fit term has a p-value of 0.2693, indicating that
the lack of fit is not statistically significant and that the residual variation is primarily attributed
to random experimental error rather than other unaccounted factors. The significance analysis
further reveals that all three machining parameters significantly affect the milling force. The
influence of the machining parameters on the milling force decreases in the following order:
spindle speed (n) > feed per tooth (f z) > radial depth of cut (ae).

Table 6. ANOVA results for the milling force model.

Source Sum of
Squares df Mean

Square F-Value p-Value

Model 3518.34 9 390.93 38.59 <0.0001 significant
A (n) 1208.84 1 1208.84 119.33 <0.0001 significant
B (f z) 756.74 1 756.74 74.70 <0.0001 significant
C (ae) 365.22 1 365.22 36.05 0.0005 significant

AB 159.88 1 159.88 15.78 0.0054 significant
AC 16.13 1 16.13 1.59 0.2474
BC 64.61 1 64.61 6.38 0.0395 significant
A2 469.69 1 469.69 46.37 0.0003 significant
B2 365.70 1 365.70 36.10 0.0005 significant
C2 33.64 1 33.64 3.32 0.1112

Residual 70.91 7 10.13
Lack of Fit 41.77 3 13.92 1.91 0.2693 not significant
Pure Error 29.14 4 7.29
Cor Total 3589.25 16

As shown in Figure 9, within the investigated parameter ranges, the milling force (F)
decreases with increasing spindle speed (n) and increases with increasing radial depth of
cut (ae) and feed per tooth (f z), which is consistent with the results of the single-factor ex-
periments. The response surface further shows that the milling force reaches its maximum
in the regions of low spindle speed and high feed per tooth. Therefore, while maintain-
ing machining quality and productivity, the milling force can be effectively reduced by
appropriately decreasing ae and f z and increasing n, thereby improving the stability of the
machining process.

Figure 9. Three-dimensional response surfaces of the milling force (F) as a function of ae, f z, and n.
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3.3. Response Analysis of Surface Roughness

The significance of the developed model was evaluated by analysis of variance
(ANOVA), and the corresponding results for surface roughness (Ra) are presented in
Table 7. The model has a p-value below 0.0001, indicating that it is highly significant. The
lack-of-fit term has a p-value of 0.1120, indicating that the lack of fit is not statistically
significant and that the residual variation is relatively small. The significance analysis
shows that the feed per tooth (f z) and radial depth of cut (ae) significantly affect Ra. The
influence of the machining parameters on Ra decreases in the following order: feed per
tooth (f z) > radial depth of cut (ae) > spindle speed (n).

Table 7. ANOVA results for the surface roughness model.

Source Sum of
Squares df Mean

Square F-Value p-Value

Model 0.2846 9 0.0316 31.16 <0.0001 significant
A (n) 0.0054 1 0.0054 5.28 0.0552
B (f z) 0.1662 1 0.1662 163.78 <0.0001 significant
C (ae) 0.0480 1 0.0480 47.36 0.0002 significant

AB 0.0071 1 0.0071 7.04 0.0328 significant
AC 0.0066 1 0.0066 6.47 0.0385 significant
BC 0.0433 1 0.0433 42.64 0.0003 significant
A2 0.0017 1 0.0017 1.64 0.2412
B2 0.0060 1 0.0060 5.87 0.0458 significant
C2 0.0006 1 0.0006 0.5852 0.4693

Residual 0.0071 7 0.0010
Lack of Fit 0.0053 3 0.0018 3.87 0.1120 not significant
Pure Error 0.0018 4 0.0005
Cor Total 0.2917 16

As shown in Figure 10, within the selected parameter ranges, surface roughness (Ra)
increases with increasing radial depth of cut (ae) and feed per tooth (f z), whereas the
effect of spindle speed (n) on Ra is relatively weak. The interaction between ae and f z

has a pronounced influence on Ra. When both parameters increase simultaneously, the
compressive action of the cutting tool and the plastic deformation of the machined surface
are intensified, which is detrimental to achieving high surface quality.

Figure 10. Three-dimensional response surfaces of surface roughness (Ra) as a function of ae, f z, and n.

4. Multi-Objective Optimization Analysis
The milling parameters were optimized by simultaneously minimizing the milling

force (F) and surface roughness (Ra). The optimization in this study is specifically limited
to identifying the parameter combination that minimizes these two responses within the
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investigated parameter ranges. Since response surface-based multi-objective optimization is
susceptible to the effects of empirical prediction models and subjective weight assignment,
the Non-dominated Sorting Genetic Algorithm II (NSGA-II) was employed. NSGA-II is a
classical multi-objective genetic algorithm that obtains a set of Pareto-optimal solutions
through non-dominated sorting and a crowding-distance mechanism without requiring
predefined objective weights [14–18].

In this study, 72 parameter combinations were generated using Latin hypercube sampling,
and the corresponding F and Ra values were obtained through actual milling experiments. To
ensure reproducibility of the data partitioning, a fixed random seed, rng (48), was used. The
72 experimental datasets were randomly divided using the holdout method into 50 training
samples and 22 independent test samples. The test set, accounting for approximately 30%
of the total data, was completely excluded from model-structure selection, hyperparameter
determination, and cross-validation and was used only for the final evaluation of model gener-
alization performance. Separate Kriging surrogate models were established for F and Ra using
spindle speed n, radial depth of cut ae, and feed per tooth f z as the input variables. A Kriging
model consists of a regression function describing the global trend of the response and a
correlation function characterizing the correlation among the sample points. Three regression
functions, regpoly0, regpoly1, and regpoly2, and five correlation functions, Gaussian, Spheri-
cal, Spline, Cubic, and Linear, were considered, resulting in 15 candidate model structures for
each response. All candidate models were evaluated using only the 50 training samples. A
repeated 10-fold cross-validation procedure with three independent repetitions was adopted.
In each fold, 45 samples were used for model training, and the remaining 5 samples were used
for validation, resulting in 30 validation runs for each candidate model. The mean absolute
error (MAE) and root mean square error (RMSE) were used as the evaluation criteria. Only
the input variables n, ae, and f z were normalized to [0, 1], whereas the response variables
F and Ra were retained in their original physical units without normalization or scaling.
Accordingly, all reported cross-validation MAE and RMSE values were calculated directly
from the predicted and measured responses in their original units, i.e., N for F and µm for Ra.
For the correlation-function hyperparameters θ, the initial value was set to [1, 1, 1], with each
component constrained within the range of 10−3–100. The hyperparameters were optimized
by maximum likelihood estimation (MLE) and were re-estimated independently within each
training fold. The repeated cross-validation results showed that the regpoly2 + Gaussian
combination provided the best overall performance for F, with the lowest MAE of 0.010690 N
and an RMSE of 0.0172 N, which was close to the minimum RMSE of 0.0168 N among all
candidate models. For Ra, the regpoly2 + Linear combination achieved both the lowest MAE
of 2.64 × 10−5 µm and the lowest RMSE of 3.06 × 10−5 µm. Therefore, regpoly2 + Gaussian
and regpoly2 + Linear were selected as the final model structures for F and Ra, respectively.
After model selection, the hyperparameters were re-estimated using all 50 training samples,
and the final Kriging models were evaluated using the 22 independent test samples. The
independent test set was not involved in model selection or hyperparameter optimization,
while the model structures were selected exclusively through repeated cross-validation on the
training set, thereby reducing the risk of overfitting.

It should be noted that the RSM and Kriging models were developed for different pur-
poses and based on different experimental datasets. The RSM models were established using
17 BBD experiments, including five repeated center points, primarily to analyze the effects of
the machining parameters and their interactions on F and Ra. The corresponding R2 values for
F and Ra were 0.9802 and 0.9756, respectively, indicating good fitting performance for the BBD
data. In contrast, the Kriging models were established using the 72 Latin-hypercube experi-
mental datasets to provide a broader experimental basis for the subsequent multi-objective
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optimization. Because the two approaches were based on different experimental designs and
datasets, their prediction errors were not directly compared.

The final Kriging surrogate models were subsequently used as objective functions
in NSGA-II to obtain the Pareto-optimal solution set. Finally, the entropy-weight TOPSIS
method was applied to determine objective weights according to the dispersion of the Pareto
solutions and rank the candidate solutions, thereby identifying the optimal machining
parameter combination for simultaneously minimizing F and Ra within the investigated
parameter ranges. The optimization procedure is illustrated in Figure 11, the sampled
data are listed in Table 8, and the corresponding mathematical models are expressed in
Equations (5) and (6).

min
{

f1(x) = F̂(ae, n, fz), f2(x) = R̂a(ae, n, fz)
}

(5)
aemin ≤ ae ≤ aemax

nmin ≤ n ≤ nmax

fzmin ≤ fz ≤ fzmax

(6)

Figure 11. Flowchart of the multi-objective optimization procedure.

Table 8. Latin hypercube sampling data.

Run ae (mm) n (rpm) f z (mm/z) F (N) Ra (µm)

1 0.43 10,100 0.015 33.012 0.4347
2 0.58 8550 0.011 31.700 0.542
3 0.23 7400 0.018 26.817 0.3940
4 0.54 6650 0.023 43.308 0.8558

. . . . . . . . . . . . . . . . . .
71 0.46 6300 0.016 39.507 0.6005
72 0.31 7250 0.025 30.357 0.6347

Note: Only selected Latin hypercube sampling data are shown in the table; the ellipses indicate the
omitted intermediate data for Runs 5–70.

The ranges of the machining parameters are defined as follows: 0.2 mm ≤ ae ≤ 0.6 mm,
0.01 mm/z ≤ f z ≤ 0.03 mm/z, and 6000 rpm ≤ n ≤ 12,000 rpm.

The prediction performances of the Kriging and linear regression models for the
milling force (F) and surface roughness (Ra) on the training and testing datasets are pre-
sented in Figure 12. For the prediction of F, the linear regression model achieves a coefficient
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of determination R2
Lin of 0.45 with an RMSE of 3.662 on the testing dataset, whereas the

Kriging model achieves an R2
Kr of 0.99 with an RMSE of 0.436. For the prediction of Ra,

although the linear regression model already exhibits satisfactory predictive accuracy, the
Kriging model further reduces the RMSE from 0.018 to 0.007. These results demonstrate that
the developed Kriging models provide superior predictive performance and are therefore
suitable for the subsequent multi-objective optimization analysis.

Figure 12. Comparison of the Kriging and linear regression models for predicting the milling force
(F) and surface roughness (Ra).

The main parameters of the NSGA-II algorithm are set as follows: the maximum
number of generations (MaxGen) is 100, the crossover probability (pCrossover) is 0.5, and the
population size (npop) is 40. After the iterative optimization converges, the Pareto front
shown in Figure 13 is obtained, yielding 40 Pareto-optimal solutions.
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Figure 13. Pareto front for the multi-objective optimization of the milling force (F) and surface
roughness (Ra).

The entropy-weight TOPSIS method is then applied to comprehensively evaluate the
Pareto solution set. The optimal machining parameters are determined as ae = 0.2101 mm,
n = 10,090.7 rpm, and f z = 0.01 mm/z. The validation experiment conducted under the
optimized machining parameters was repeated three times. The predicted milling force
and surface roughness are 23.82 N and 0.1848 µm, respectively, whereas the corresponding
experimental values are 24.482 N and 0.193 µm. The relative errors between the predicted
and experimental results are 2.70% for F and 4.25% for Ra, respectively. The prediction
errors are small, demonstrating that the proposed optimization method provides high
predictive accuracy.

5. Conclusions
To address the urgent demand for high-quality, low-damage machining of Mo and

the limited research available in this field, single-factor and response surface milling
experiments were conducted to clarify the relationships among the key milling parameters,
response variables, and white layer characteristics and to optimize the milling process
parameters. The main conclusions are summarized as follows:

• The single-factor milling experiments show that both the milling force (F) and surface
roughness (Ra) increase with increasing feed per tooth (f z) and radial depth of cut (ae),
whereas both decrease with increasing spindle speed (n).

• As the feed per tooth (f z) increases, both the milling force and the white layer thickness
increase. A higher milling force intensifies the compressive and plastic deformation
imposed on the machined surface, thereby promoting grain refinement in the surface
layer. The white layer remains predominantly composed of Mo, indicating that its
formation is mainly associated with the microstructural evolution of the near-surface
region of the Mo substrate.

• Response surface analysis reveals the relationships between the machining param-
eters (ae, f z, and n) and the response variables (F and Ra). Among the investigated
parameters, spindle speed (n) has the greatest influence on the milling force, whereas
feed per tooth (f z) has the most significant effect on surface roughness.

• A Kriging surrogate model is established based on Latin hypercube sampling data and
combined with the NSGA-II algorithm and the entropy-weight TOPSIS method for
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multi-objective optimization. For the objective of simultaneously minimizing F and
Ra, the optimal machining parameters within the investigated parameter ranges are
determined as ae = 0.2101 mm, n = 10,090.7 rpm, and f z = 0.01 mm/z. Under the opti-
mized conditions, the experimentally measured milling force and surface roughness
are 24.482 N and 0.193 µm, respectively. The relative errors between the predicted and
experimental results are 2.70% for F and 4.25% for Ra, respectively, demonstrating the
high predictive accuracy and effectiveness of the proposed optimization approach.
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