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Abstract: Micro-milling has found extensive applications in machining components with thin-walled
microstructures, such as terahertz slow-wave structures, microfluidic chips, and micro-molds. Due to
the influence of size effects, micro-milling exhibits higher specific energy consumption compared
with traditional milling, implying that more energy is consumed to remove a unit volume of material,
particularly in challenging-to-machine materials like Ti-6Al-4V. Historically, research on parameter
optimization for micro-milling has predominantly focused on enhancing machining quality and
efficiency, with limited attention given to energy efficiency. However, in the context of the “double
carbon” strategy, energy conservation and emissions reduction have garnered significant attention in
the manufacturing industry. Therefore, this paper proposes a micro-milling parameter-based power
consumption model. Based on this, a specific energy consumption model can be obtained. Moreover,
evolutionary algorithms are utilized for the optimization of micro-milling parameters, which aims to
achieve comprehensive enhancements in both machinability and sustainability. The optimization
objectives encompass improving surface quality, dimensional accuracy, material removal rate, and
specific energy consumption during the micro-milling process for thin-walled micro-structures.
Among them, NSGA-III achieves the best optimization results. Under conditions in which cutting
energy consumption and processing efficiency are very close, the optimization outcomes based
on NSGA-III lead to the best machining quality, including the minimum surface roughness and
dimensional errors, and the largest surface fractal dimension. The optimal combination of micro-
milling parameters is n = 28,800 rpm, fz = 2.6 µm/t, and ap = 62 µm.

Keywords: thin-walled micro parts; micro-milling; machinability; sustainability; multi-objective
optimization

1. Introduction

The optimization of process parameters is regarded as a crucial means to improve
machining performance, the results of which are dependent on the optimization objectives
and methods. In prior research, optimization objectives have mainly focused on technical
requirements and production efficiency, while energy consumption and environmental
degradation have often been neglected [1]. Sustainable manufacturing technology presents
new challenges for researchers in the context of carbon peaking and carbon neutrality.

As some of the main energy-consuming pieces of equipment in the manufacturing
industry, the primary form of energy consumption for machine tools is electricity. There
are approximately 8 million units of machine tools in China, indicating significant potential
for energy saving. Therefore, balancing machining quality and efficiency while reducing

Appl. Sci. 2023, 13, 9392. https://doi.org/10.3390/app13169392 https://www.mdpi.com/journal/applsci

https://doi.org/10.3390/app13169392
https://doi.org/10.3390/app13169392
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-8626-4431
https://doi.org/10.3390/app13169392
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app13169392?type=check_update&version=2


Appl. Sci. 2023, 13, 9392 2 of 21

the energy consumption of machine tools has gradually become a prominent research
focus in the manufacturing industry [2]. Hu et al. employed the simulated annealing
algorithm to optimize the spindle speed and feed rate in the single-point turning process,
focusing on machining energy consumption while considering cutting force, cutting power,
and surface roughness as constraints. The optimized process parameters resulted in a
19.28% reduction in energy consumption [3]. Feng et al. conducted simultaneous optimiza-
tion of toolpaths and process parameters during the drilling process using NSGA-II, with
energy consumption, machining time, and surface roughness as the optimization objectives.
The experimental results demonstrated that this approach reduced the energy consumption
and machining time by 57.7% and 66.4%, respectively, while significantly improving the
surface quality [4]. In order to achieve a balance between milling sustainability, production
efficiency, and machining quality, Yan et al. employed the response surface methodology
in combination with the grey relational analysis method to optimize the spindle speed,
feed rate, cutting depth, and cutting width in the milling process. The optimized process
parameters were found to enhance both the material removal rate and surface quality while
reducing energy consumption by 18.1% [5]. Zhang et al. conducted an optimization study
on micro-milling process parameters, including spindle speed, feed per tooth, and cutting
depth, with the objective of minimizing power consumption, extending tool life, improving
surface roughness, and enhancing tool holder strength. The cuckoo search algorithm and
grey wolf optimization algorithm were used to enhance global search capabilities. As a
result, a 7.89% reduction in energy consumption was achieved [6]. Wang et al. conducted
optimizations of the energy consumption and machining time in milling processes. The
results indicated that the optimization outcomes based on the improved ant colony algo-
rithm surpassed those obtained with NSGA-II, yielding higher productivity at the same
energy consumption level [7]. Rational parameter selection can lead to comprehensive
improvements in machinability and sustainability at lower costs. The current research has
mostly focused on conventional machine tools, with limited studies on micro-milling.

The established energy consumption model is the basis for analyzing energy charac-
teristics, improving energy efficiency, and minimizing energy consumption in machining.
Currently, CNC machine tool energy consumption models can be generally categorized into
three types: material-removal-rate-based models, specific process-parameter-based models,
and cutting-force-based models [8]. The power consumption model based on material
removal rates is simple in form and has clear physical significance. However, research
has shown that different combinations of process parameters can yield different energy
consumption values at the same material removal rate [9–12]. The variation in process
parameters is a significant factor influencing the energy consumption of machine tools [13].
In addition to regression methods, artificial intelligence is also employed to establish the
relationship between process parameters and machine tool power consumption [14]. How-
ever, these models lack physical interpretability, and the energy consumption model based
on artificial intelligence algorithms relies on extensive testing data [15,16]. Due to factors
such as tool wear, tool deflection, and workpiece material properties, accurately modeling
cutting forces presents challenges [17]. Consequently, establishing a cutting power model
based solely on cutting forces may deviate from actual results [18,19].

Micro-milling is a key technology for manufacturing precision components and finds
widespread applications in various fields. Due to the influence of size effects, micro-milling
has a higher specific energy consumption, which is particularly pronounced when pro-
cessing difficult-to-machine materials such as Ti-6Al-4V [20]. Although many researchers
have analyzed the power consumption characteristics of cutting processes and established
corresponding power consumption models using various methods, most of these models
are focused on general-machining machine tools and still have certain limitations, particu-
larly a lack of in-depth explanations of the power consumption mechanisms and unclear
physical meanings [21–24]. Therefore, it is crucial to determine a more generalized process-
parameter-based power consumption modeling approach for micro-milling processes.
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To reduce the energy consumption in micro-milling processes, this paper carried out
power consumption modeling using power flow analysis. Based on the established model,
the optimization of process parameters was undertaken with the objective of reducing the
specific energy consumption, considering constraints on machining quality and efficiency,
thereby achieving comprehensive improvements in machinability and sustainability.

2. Materials and Methods
2.1. Power Consumption Modeling

During the machining process, all the various forms of energy generated by machine
tools are derived from electrical energy, including mechanical energy, sound energy, and
thermal energy. Therefore, in this paper, when measuring the power consumption of vari-
ous energy-consuming subsystems of machine tools, only the electrical energy consumption
was measured.

In this paper, the machine tool power consumption is split into several components,
and their sum is the total power consumption of the machining process, which can be
illustrated with Equation (1).

Ptotal =
I

∑
i=1

Pfix−i +
J

∑
j=1

Pvar−j
(
n, fz, ap

)
(1)

where Ptotal represents the total power consumption of the machine tool; Pfix−i represents
the power consumption of the i-th fixed energy consumption subsystem; Pvar−j represents
the power consumption of the j-th variable energy consumption subsystem; I represents
the number of fixed energy consumption subsystems; J represents the number of variable
energy consumption subsystems; n represents the spindle speed; fz represents the feed per
tooth; and ap represents the cutting depth.

The power consumed by each fixed energy consumption subsystem can be considered
as a constant value that does not vary with machining states. The power consumed by each
variable energy consumption subsystem is influenced by process parameters, cutting tools,
and workpiece materials. Therefore, this paper focused on analyzing and establishing
power consumption models for variable energy consumption subsystems. The Kern EVO
micro-milling machining center was the research object, as shown in Figure 1.
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On this basis, the total power consumed by the machine tool can be further decom-
posed as Equation (2).

Ptotal = Pi + Pm = Pb + Pa + Ps + Pf + Pm (2)

where Pb represents the basic power of the control systems, lighting, and air pumps;
Pi represents idle power consumption; Pa represents the auxiliary power of the cooling,
lubrication, chip collection, and tool-changing systems; Ps represents the non-machining
spindle power; Pf represents the non-machining feed power; and Pm represents the material
removal power.
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The machine tool power varies with different machining process stages, as shown
in Figure 2. It can be observed that the tool change process has a short duration and low
power consumption, which can be neglected if the tool change frequency is not high. Upon
activating the cutting lubrication system, there is a significant increase in the machine
tool power. Furthermore, it can be seen that different process stages exhibit distinct
variations in cutting power, indicating that changes in process parameters lead to different
power consumptions.
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Figure 2. Power spectrum of different machining states.

2.1.1. Power Consumption Modeling in Feed and Spindle Subsystems

A schematic diagram of the feed unit motion structure for micro-milling machining
equipment is illustrated in Figure 3. The power source for the feed system is synchronous
permanent magnet motors, which transmit driving force (torque) to the worktable through
couplings, bearings, and ball screws. For the horizontal feed drive unit, the load refers to
the friction of the ball screw pair, and for the vertical feed drive unit, the effect of gravity
should also be considered. It should be noted that the cutting force load is not included.
Similarly, the load of the spindle system does not consider the influence of the cutting
force torque.Synchronous permanent magnet motors convert input electrical energy into
mechanical energy, and the motor’s output power can be obtained via force analysis. The
relationship between the motor’s output torque and the forces on the ball screw, bearings,
and couplings can be described using Equations (3)–(5).

Tm = Jm
dωm

dt
+ Cmωm + Tc (3)

Tc = Jc
dωc

dt
+ Ccωc + Tbs + 2Tb (4)

Tbs = Jbs
dωbs

dt
+ Cbsωbs + Tt (5)

where T, J, C, and ω represent the output torque, moment of inertia, viscous damping, and
angular velocity, and subscripts m, c, bs, b, and t represent the motor, coupling, ball screw,
bearing, and worktable.Under the assumption of a negligible angular velocity difference,
the relationship between the motor output torque and the workbench output torque can be
expressed as Equation (6).

Tm = J
dω

dt
+ C ·ω + T (6)



Appl. Sci. 2023, 13, 9392 5 of 21

where T, J, and C represent the output torque, moment of inertia, viscous damping, and
angular velocity of the feed system, which can be expressed as Equation (7).

J = Jm + Jc + Jbs
C = Cm + Cc + Cbs

T = Tt + 2Tb

(7)

After obtaining the motor’s output torque, the power output of the driving motor can be
represented as Equation (8).

Poutput = Tm ·ω = J · dω

dt
·ω + C ·ω2 + T ·ω (8)

Apart from the motor output power, permanent magnet synchronous motors also have
internal energy losses, which can generally be classified into the following categories:
copper loss, iron loss, mechanical loss, additional loss, and electromagnetic loss, as shown
in Figure 4.Prior research has indicated that the power loss of a motor can be represented
as a quadratic function of the motor’s rotational speed, as shown in Equation (9) [25].

Ploss = kω2 + bω + Pc (9)

where k and b are coefficients determined by the motor itself, and Pc represents the fixed
power loss.Therefore, the expression for the power consumption of the feed system can be
obtained by combining Equations (8) and (9).

Pfeed = Poutput + Ploss = F0 · α ·ω + F1 ·ω2 + F2 ·ω + F3 (10)

where α represents the angular acceleration, and the coefficients can be expressed as
Equation (11). 

F0 = J
F1 = C + k
F2 = T + b

F3 = Pc

(11)

In the stable machining process, the feed speed is constant (i.e., the angular acceleration is
0); thus, the power consumption can be expressed as:

Pfeed−s = F1 ·ω2 + F2 ·ω + F3 (12)

Through a similar force analysis process as that for the feed unit, the power consumption
of the electric spindle can be expressed as follows:

Pspindle−s = S1 · n2 + S2 · n + S3 (13)

where S1 represents the viscous damping of the electric main spindle; S2 represents the
output torque of the electric main spindle; and S3 represents the power loss of the electric
main spindle.
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2.1.2. Material Removal Power Modeling

Material removal power refers to the power consumed in the interaction between
cutting tools and workpiece materials to achieve specific shapes and meet certain technical
requirements. There are several factors that influence material removal power, making
accurate modeling challenging. The power consumption in the cutting process is directly
influenced by process parameters. Therefore, establishing the material removal power
based on specific process parameters offers the advantages of simplicity, directness, and
accuracy, facilitating the further optimization of process parameters. In this paper, both
exponential and polynomial models are used to fit and analyze cutting power, as shown in
Equations (14) and (15), respectively, and a comparison of their merits is presented.

Pm = a · nc1 · f c2
z · a

c3
p (14)

Pm = p0 + p1 · n + p2 · ap + p3 · fz+
p4 · n · ap + p5 · n · fz + p6 · ap · fz

(15)

where n, fz, and ap represent the spindle speed, feed per tooth, and depth of cut, respectively,
and a, c1, c2, c3, p0, p1, p2, p3, p4, p5, and p6 are coefficients that are closely related to the
cutting tools, materials, and process conditions.

2.2. Description of the Multi-Objective Optimization Problem

In the material removal process, improving a specific technical index by adjusting the
process parameters may lead to the deterioration of performance in other areas. Therefore,
the objective of this study was to balance the relationship between sustainability, machining
quality, and efficiency in micro-milling processes, which is illustrated in Figure 5.
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In this study, the optimization objectives included surface roughness (Sa), surface
fractal dimension (Ds), and size error (De) as measures of machining quality; the material
removal rate (MRR) considered for evaluating machining efficiency; and the specific cutting
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energy consumption (SCE) employed for energy efficiency assessment. Their definitions
are shown in Equations (16)–(20).

Sa =
x

S

|Φ(x, y)− ξ(x, y)|dxdy/S (16)

where Φ(x,y) denotes the height information of the surface, and ξ(x,y) corresponds to the
reference plane of the surface.

Ds =
ln N(ε)

ln(ε−1)
(17)

where ε represents the side length of the box, and N(ε) represents the number of boxes.
The value of the surface fractal dimension represents the richness of details on the surface,
reflecting the complexity and finesse of the surface contour in space, as well as its ability to
fill space. In comparison with parameters of surface roughness, the surface fractal dimen-
sion is more sensitive to the absence of surface microstructures. Therefore, selecting the
surface fractal dimension to characterize surface quality holds a certain significance [26,27].

De = |Da − Di| (18)

where De is the actual dimension, Da is the actual dimension, and Di is the design dimension.
The dimensional errors (De) were measured using pixel analysis of the SEM-measured
picture. In comparison with image scales, three positions on the thin-walled microstructure
were selected for averaging; thus, the actual dimensions were determined, followed by
subtracting the design dimensions to obtain the dimensional errors.

MRR = ap · ae · f (19)

where ap, ae, and f are the cutting depth, cutting width, and feed speed, respectively.

SCE =
Etotal

Vmaterial
=

P · T
MRR · T =

P
MRR

(20)

where SCE, Etotal, Vmaterial, T, and P are the specific cutting energy, cutting energy, volume
of removal material, machining time, and machining power, respectively.

The three process parameters to be optimized are the spindle speed n, feed per tooth
fz, and cutting depth ap. Considering the main technical requirements of thin-walled
microstructures, the optimal combination of process parameters can be obtained with the
constraints shown in Equations (21) and (22).

nmin ≤ n ≤ nmax

fzmin ≤ fz ≤ fzmax

apmin ≤ ap ≤ apmax

(21)



minSa
(
n, fz, ap

)
maxDs

(
n, fz, ap

)
minDe

(
n, fz, ap

)
maxMRR

(
n, fz, ap

)
minSEC

(
n, fz, ap

) (22)

To eliminate the negative impacts caused by the improper selection of process parame-
ters, it is essential to adopt appropriate optimization methods, which generally fall into two
categories: traditional methods and intelligent methods. Traditional methods typically rely
on experimental design and gradient-based search, the limitation of which lies in the fact
that the convergence can be greatly influenced by the nonlinearity of the objective function
and initial value settings and the global optimality is hard to ensure. Therefore, in recent
years, intelligent optimization algorithms have been widely applied to parameter optimiza-
tion in machining, with evolutionary algorithms being the most extensively used. The high
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dimensionality of the optimization objective space poses challenges in the optimization
process. Therefore, in this paper, various process parameter optimization methods were
utilized, and their results were compared, including NSGA-II (non-dominated genetic
sorting algorithm-II), MOPSO (multi-objective particle swarm optimization), and NSGA-III
(non-dominated genetic sorting algorithm-III) [28,29].

2.3. Experimental Design

The micro-milling experiments were conducted in the Kern Evo five-axis vertical ma-
chining center. The cutting tools had a diameter of 800 µm and a helix angle of 60 degrees.
The workpiece material was a Ti-6Al-4V alloy, the main dimensions of which are shown in
Figure 6. In order to analyze and validate the power consumption model proposed above,
the Fluke 1735 three-phase power logger was employed to record the power characteristics
during the machining process, as shown in Figure 7.
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Due to the feed and spindle power consumption only being influenced by single
factors in the non-machining stage, an experiment was designed to validate the proposed
power consumption models, and the corresponding parameters are shown in Table 1.

Table 1. Process parameters for non-machining power measurement.

f (mm/min) n (rpm) ap (µm)

20, 120, 220, 320, and 420 0 0

0 10,000, 15,000, 20,000, 25,000, 30,000,
35,000, 40,000, and 45,000 0

The material removal power is influenced by the combination of process parameters.
In order to analyze the effects of the process parameters on the machining quality, pro-
duction efficiency, and energy efficiency, an orthogonal experiment was designed, and
the corresponding levels are shown in Table 2. Ignoring the interactions between process
parameters, the experimental design was conducted based on the L16 Taguchi experimental
table [30], as shown in Table 3.
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Table 2. Machining parameters used in orthogonal experiments.

Symbol Process Parameters Units
Level

1 2 3 4

A Spindle speed (n) r/min 15,000 25,000 35,000 45,000

B Axial depth of cut (ap) µm 50 60 100 150

C Feed per tooth (fz) µm/tooth 0.5 1.5 2.5 3.5

Table 3. Machining parameters and machining responses of the orthogonal experiments.

No. Symbol Sa
(nm)

De
(µm) Ds

SCE
(kJ/mm3)

MRR
(mm3/min)

Level

A B C

1 A1B1C1 45 1.3 2.5110 15.94 0.60 15,000 50 0.5

2 A1B2C2 56 2.8 2.4620 4.50 2.16 15,000 60 1.5

3 A1B3C3 60 2.9 2.4468 1.67 6.00 15,000 100 2.5

4 A1B4C4 143 4.1 2.4108 0.82 12.60 15,000 150 3.5

5 A2B1C2 48 3.2 2.4960 15.50 1.20 20,000 60 0.5

6 A2B2C1 54 2.2 2.4730 6.15 3.00 20,000 50 1.5

7 A2B3C4 185 4.3 2.3663 1.28 15.00 20,000 150 2.5

8 A2B4C3 121 4.4 2.3903 1.38 14.00 20,000 100 3.5

9 A3B1C3 57 2.8 2.4565 10.27 2.80 25,000 100 0.5

10 A3B2C4 133 4.6 2.4478 2.31 12.60 25,000 150 1.5

11 A3B3C1 58 2.7 2.4500 4.15 7.00 25,000 50 2.5

12 A3B4C2 99 3.5 2.4346 2.49 11.76 25,000 60 3.5

13 A4B1C4 60 2.3 2.4441 8.22 5.40 30,000 150 0.5

14 A4B2C3 85 4.7 2.4346 4.09 10.80 30,000 100 1.5

15 A4B3C2 90 3.8 2.4291 4.10 10.80 30,000 60 2.5

16 A4B4C1 66 5.7 2.4391 3.52 12.60 30,000 50 3.5

3. Results and Discussions

For the non-machining experiments, the power results corresponding to different feed
rates are shown in Figure 8. It can be observed that the power values exhibit an increasing
trend with the increasing feed rate.
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To determine the model coefficients, a quadratic fitting was performed, and the trend
of the power variation with the feed rate was obtained, as depicted in Figure 9.
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The result of the quadratic fitting is shown in Equation (23).

Pfeed−s = 4.4× 10−5 · f 2 + 0.0038 · f + 1.83 (23)

The variance (R2), adjusted variance (R2-adj), and prediction variance (R2-pre) of the
proposed model all exceeded 90%, as shown in Table 4, which indicates that the modeling
method presented in this study demonstrates high prediction accuracy.

Table 4. Non-machining power model prediction accuracy.

Feed Unit Spindle Unit

R2 R2-pre R2-adj R2 R2-pre R2-adj

99.21% 94.42% 98.43% 99.92% 99.82% 98.89%

The variation trend of the spindle power at different speeds is shown in Figure 10.
It can be observed that, compared with the feed motion, the spindle rotational motion
consumes higher power. Therefore, in the process of energy consumption optimization,
special attention should be given to the spindle power.
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The power consumption of the spindle demonstrates a well-fitted quadratic relation-
ship with the rotational speed, as depicted in Figure 11. The fitting result is presented
in Equation (24). The variance (R2), adjusted variance (R2-adj), and prediction variance
(R2-pre) of the proposed fitting model all exceeded 98%, as shown in Table 4, which
indicates that the proposed modeling method demonstrates good prediction accuracy.
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Pspindle−s = 2.37× 10−7 · n2 + 0.00461 · n + 1.3 (24)

To facilitate the fitting of the relationships between the process parameters and mate-
rial removal power, Equation (14) was further manipulated into Equation (25). A linear
regression approach can be employed to obtain the coefficients for each term.

ln Pmr = ln a + c1 ln n + c2 ln fz + c3 ln ap (25)

Under each set of process parameters, the total power Ptatal can be measured when
performing each experiment; the machine base power Pb can be measured when the
machine tool is powered on but without performing any movement or processing, as
shown in Figure 2; the spindle power Ps and feed power Pf can be calculated using
Equations (23) and (24), respectively; and after determining the power component values
above, the material removal power can be calculated using Equation (26). The correspond-
ing values are presented in Table 5.

Pm = Ptotal − (Pb + Pa + Ps + Pf) (26)

To achieve the best predictive accuracy, a comparison between the exponential fit-
ting and polynomial fitting models was performed. The results of the exponential and
polynomial fittings are shown in Equation (27) and Equation (28), respectively.

Pmr = 14.92 · n0.0613 · f 0.1214
z · a0.0708

p (27)

Pmr = 10.18 + 6× 10−5 · n + 0.153 · ap + 1.98 · f z+
1× 10−6 · n · ap − 1.9× 10−5 · n · fz − 0.0034 · ap · fz

(28)

To compare the goodness of fit and predictive accuracy of the two fitting models, the
variance (R2), adjusted variance (R2-adj), predictive variance (R2-pre), Akaike information
criterion (AIC), and Bayesian information criterion (BIC) values were obtained, as shown
in Table 6.
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Table 5. Values of different power components in orthogonal experiments.

No.
Ptatal (W) Pb (W) Ps (W) Pf (W) Pm (W)

(Measured) (Measured) (Calculated) (Calculated) (Calculated)

1 645.4

486

127 1.9 33.5

2 648.1 2.1 36.0

3 653.3 2.4 40.9

4 659.3 2.7 46.6

5 793.9 271 2.4 36.5

6 795.7 2.0 34.7

7 802.5 3.8 44.7

8 806.9 3.0 46.9

9 965.2 440 3.8 35.4

10 969.0 5.4 39.6

11 970.7 2.1 42.6

12 976.2 2.7 45.5

13 1221.4 692 7.4 40.0

14 1202.3 4. 9 38.7

15 1224.0 3.1 42.9

16 1228.5 2.1 46.4

Table 6. The goodness of fit of Pm.

R2 R2-adj R2-pre AIC BIC

Exponential model 0.8589 0.8236 0.7300 −34.32 −36.46

Polynomial model 0.9185 0.8641 0.6755 89.53 75.14

It is evident that selecting different criteria as the goodness-of-fit measures leads to
different conclusions. In comparison with the exponential model, the polynomial fitting
model exhibits higher values for R2 and R2-adj but a lower value for R2-pre. However,
the differences are not very significant. To better explain the selection rationale, the AIC
and BIC values of both models were also compared. The AIC and BIC values of the
exponential fitting model are both smaller than the polynomial fitting model, indicating
that the exponential model is superior from both predictive and fitting perspectives.

After obtaining models for the spindle power, feed power, and material removal
power, the variable power could be obtained using Equation (29).

Pvar = Ps + Pf + Pm (29)

From the range analysis, it can be observed that the order of the process parameters’
influences on the variable power is as follows: spindle speed, feed per tooth, and cutting
depth. The range value of the spindle speed is significantly larger than the range values of
the feed per tooth and cutting depth, which indicates that during micro-milling processes,
the cutting energy consumed by the spindle unit is the highest, as shown in Table 7. The
main effects of the process parameters on the variable power also support this result, as
shown in Figure 12.
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Table 7. Range analysis of Pvar.

n (rpm) fz (µm/t) ap (µm)

Rj 572.9 8.7 6.2

Ranking 1 2 3
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Figure 12. Main effects of process parameters on variable power.

The surface topographies are shown in Figure 13, which were measured with a white-
light interferometer. The measurement range was 396 µm by 396 µm. The indicators
characterizing the micro-milling quality, including Sa, Ds, and De, are presented in Table 3.
The corresponding regression models are shown in Equation (30), and the respective
goodness-of-fit indices are listed in Table 8.
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Table 8. Goodness-of-fit of machining quality indices.

Sa Ds De

R2 R2-adj R2 R2-adj R2 R2-adj

77.71% 72.14% 81.27% 76.59% 67.47% 59.33%


Sa = 1.8221× n0.0830 × f 0.3404

z × a0.6230
p

Ds = 2.1839× n0.0059 × f 0.0125
z × a0.0181

p
De = 0.0247× n0.3490 × f 0.3076

z × a0.2630
p

(30)

The main effects of the process parameters on the surface roughness, fractal dimension,
and dimension error are shown in Figures 14–16. It can be observed that the surface rough-
ness and fractal dimension exhibit distinct opposite trends because the fractal dimension
characterizes the richness of details on the surface. The larger the fractal dimension, the
more complex and intricate the structures are. Conversely, the smaller the fractal dimension,
the fewer irregular structures there are, and the rougher the structure becomes.
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The dimensional error shows an overall increasing trend with the enlargement of
the process parameters. This is due to the fact that with the increase in the feed per
tooth and cutting depth, the cutting forces exhibit an increasing trend. This leads to
greater deformation of thin-walled micro-structures in the vertical feed direction, ultimately
resulting in an increase in dimensional error. Conversely, as the spindle speed increases,
the heat generated during cutting also increases, making the workpiece material prone to
thermal deformation. Consequently, this leads to an augmentation in dimensional error.
The reasons for small deformation errors are as follows: The micro-milling force is relatively
small, and previous studies have shown that the average cutting force for the micro-milling
of titanium alloys is within 5 N [31]; the positioning accuracy of the KERN EVO machining
center is 1 µm, with a repeatability accuracy of ± 0.5 µm, exhibiting excellent machining
precision; and Ti-6Al-4V possesses high strength, and under the influence of relatively
small cutting forces, noticeable deformation errors are not likely to occur.

The main effects of the process parameters on the SCE are shown in Figure 17. It can
be observed that the SCE significantly decreases with the increase in feed per tooth and
cutting depth because their impacts on the material removal rate do not significantly affect
power consumption. However, the multiplication of the spindle speed leads to a rapid
increase in power consumption.
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The relationship between the SCE and MRR is illustrated in Figure 18, with a Pear-
son correlation coefficient of −0.793, which exceeds 0.7, indicating a significant negative
correlation. This implies that enhancing the machining efficiency can reduce specific
energy consumption.
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In order to overcome the problem of intelligent optimization algorithms easily getting
trapped in local optima, this paper investigated and compared the optimal combination
of process parameters using three evolutionary algorithms. Since NSGA-II and MOPSO
perform poorly when dealing with four or more optimization objectives, the optimization
objectives were first compressed. To retain and interpret the original variable information as
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much as possible, principal component analysis (PCA) was applied to the three indicators
representing the machining quality. First, the standardization of Sa, Ds, and De was
performed according to Equation (31).

X′mn =
(
Xmn−Xm

)
/σm

Xm =
p
∑

n=1
Xmn/p

σm =

√
p
∑

n=1

(
Xmn−Xm

)2/p

(31)

where X′mn represents the n-th sampled value of the m-th objective function after normal-
ization; Xmn represents the n-th sampled value of the m-th objective function; p represents
the total number of samples; and Xm and σm represent the mean and standard deviation,
respectively.

The surface roughness, fractal dimension, and dimensional error correlation coeffi-
cients are shown in Table 9. It can be observed that the surface quality indices, Sa and Ds,
exhibit a strong negative correlation, while the correlation between surface quality and
dimensional error is relatively weak.

Table 9. Correlations between the optimization objectives.

Sa Ds De

Sa 1 −0.832 0.579

Ds −0.832 1 −0.628

De 0.579 −0.628 1

Bartlett’s sphericity test and the Kaiser–Meyer–Olkin (KMO) sampling adequacy test
were conducted to assess the suitability of PCA, as shown in Table 10. The results indicate
that Bartlett’s sphericity test was significant (p = 0.000 < 0.05), and the KMO value was
0.681, which falls between 0.6 and 0.7. Therefore, PCA was appropriate.

Table 10. KMO and Bartlett’s tests.

Sampling Adequacy KMO Measure 0.681

Bartlett’s test of sphericity Approximate chi-square 22.351

df 3

Sig. 0.000

Table 11 presents the common factor variance matrix, revealing that the Sa and Ds
indicators for surface quality exhibit sufficient information extraction, and the information
extraction content of De is relatively small.

Table 11. Common factor variance.

Initial Variance Extracted Variance

Sa 1.000 0.834

Ds 1.000 0.867

De 1.000 0.665

Higher eigenvalues indicate greater potential energy and are more crucial for the
analysis. In Figure 19, only the first eigenvalue is greater than one, which indicates only
one factor is needed to extract from the original features.
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The explained total variance is shown in Table 12. The variance contribution of the
first component is 78.851%, allowing for the extraction of original features with minimal
information loss.

Table 12. Explained total variance.

No. Initial Eigenvalue Extract Loading Sum of Squares

Eigenvalue Initial
Variance %

Cumulative
Variance % Eigenvalue Initial

Variance %
Cumulative
Variance %

1 2.366 78.851 78.851 2.366 78.851 78.851

2 0.470 15.654 94.505

3 0.165 5.495 100.000

The factor loading matrix is shown in Table 13, which illustrates the contributions of
the principal components to each variable. According to the principal component matrix,
the linear combinations of machining quality variables can be obtained as Equation (32).
This principal component can be interpreted as the machining quality.

Table 13. Factor loading matrix.

Sa Ds De

0.386 −0.394 0.345

P1 = 0.386(Sa)− 0.394(Ds) + 0.345(De) (32)

Therefore, the objective function optimized with NSGA-II and MOPSO can be ex-
pressed as Equation (33), and the objective function optimized with NSGA-III can be
expressed as Equation (34).

min f1i(X) =


f1(X) = P1

f2(X) = MRR−1

f3(X) = SEC
(33)

min f2i(X) =


f1(X) = Sa

f2(X) = Ds−1

f3(X) = De
f4(X) = MRR−1

f5(X) = SEC

(34)



Appl. Sci. 2023, 13, 9392 18 of 21

The decision variables can be represented as X = [n, fz, ap] T. The ranges of the process
parameters are as follows: 50 µm ≤ ap ≤ 150 µm, 15,000 rpm ≤ n ≤ 45,000 rpm, and
0.5 mm/t ≤ fz ≤ 3.5 mm/t. The initial population size and number of iterations for each
optimization algorithm were set as 500 and 1500, respectively. A membership function was
used to select results from the Pareto solution set, as shown in Equation (35).

pi =
fimax − fi

fimax − fimin
(35)

where f imax and f imin represent the maximum and minimum values of the i-th objective
function, respectively, and fi denotes the value of the i-th objective function.

The optimal solution is selected by maximizing the average p-value, as shown in
Equation (36).

P =
1
N

N

∑
i=1

pi (36)

The optimization results of process parameters with different methods are listed in
Table 14, and the corresponding experimental validations were performed, which can
be observed in Figures 20 and 21, respectively. The results obtained using NSGA-III
demonstrate a better trade-off between machinability and sustainability compared with the
results using NSGA-II and MOPSO. It can be observed that the specific energy consumption
and processing efficiency of the three optimization algorithms are very close. However,
optimization results based on NSGA-III can achieve better machining quality, including
lower surface roughness, larger surface fractal dimensions, and smaller dimensional errors.

Table 14. Optimization results.

n fz ap Sa Ds De MRR SCE

NSGA-II 17,760 3.3 98 65 2.4860 3.5 9.37 0.960

MOPSO 21,000 3.2 88 59 2.4980 3.6 9.46 1.110

NSGA-III 28,800 2.6 62 50 2.5010 2.0 9.36 1.126
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4. Conclusions

An optimization strategy for micro-milling process parameters based on multi-objective
evolutionary algorithms was proposed. The optimization objectives including machining
quality, machining efficiency, and specific cutting energy were trade-offs. The obtained pro-
cess parameters were validated using micro-milling experiments. The specific conclusions
are as follows:

(1) The power consumption characteristics of the micro-milling process were analyzed,
and a process-parameter-based power consumption model was established. The
analysis revealed that the power consumption of non-machining feed motion exhibits
a quadratic relationship with the feed rate, while the non-machining spindle power
consumption shows a quadratic relationship with the spindle speed. The spindle
speed exerts the greatest influence on the variable power consumption.

(2) The coefficient between SCE and MRR was −0.793, which indicates that enhancing
machining efficiency can simultaneously improve machining sustainability.

(3) Among the three indicators characterizing machining quality, surface roughness
and surface fractal dimension exhibited a significant negative correlation (with a
correlation coefficient of −0.832). However, their correlations with dimensional error
were relatively small, being 0.57 and −0.628, respectively. After performing PCA, the
variance extraction percentages for Sa, Ds, and De all exceeded 50%, indicating a good
level of information condensation.

(4) The optimization results of the process parameters demonstrate that the NSGA-
III-based optimization method yields a better trade-off between machinability and
sustainability, indicating that NSGA-III exhibits superior performance in handling
multi-objective optimization problems and can obtain globally optimal parame-
ters. The optimal combination of micro-milling parameters was n = 28,800 rpm,
fz = 2.6 µm/t, and ap = 62 µm.
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