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MULTI-RESPONSES OPTIMIZATION OF DRY MILLING OF SKD61
FOR LOW CUTTING POWER AND SURFACE ROUGHNESS

TOI UU HOA DA MUC TIEU QUA TRINH PHAY KHO THEP SKD61

DE GIAM CONG SUAT CAT VA DO NHAM BE MAT

ABSTRACT

Optimized process parameters play a significant role in improving the
energy efficiency and machined part quality. This paper systematically
investigates the nonlinear relationships between machining parameters and
responses, including cutting power P, and surface roughness R, of the dry milling
(DM) using the response surface model (RSM). Three process parameters
considered include the spindle speed S, depth of cut a, and feed rate f,. A set of
physical experiments was carried out with SKD61 steel on a CNC milling machine
using the wiper insert. The target of the current complex optimization is to find
the low cutting power and surface roughness. Finally, an evolutionary algorithm
entitled non-dominated sorting genetic algorithm 1l (NSGA-Il) was used to
generate a set of feasible optimal solutions and determine the best machining
conditions. The results show that an appropriate trade-off solution can be drawn
with regard to the low cutting power and surface roughness. Furthermore, the
integration of RSM model and NSGA-I1 can be considered as a powerful approach
for modeling and optimizing dry milling processes.

Keywords: Cutting power, surface roughness, dry milling, modeling,
optimization.

TOM TAT

Thong s6 cong nghé tGi u dng vai tro quan trong trong nang cao hiéu suat
nang lrong va chat Irong san pham. Nghién clku nay xay ding mdi lién hé phi
tuyén gitta céc thong s& cong nghé voi cong sudt cét P,va do nham bé mét R, qua
trinh phay kho thong qua phwong phéap dap (tng b& mét. Thong s cong nghé
duoc xem xét bao gdm toc do truc chinh S, chigu sau cat a,, va lrong tién dao f,
Céc thi nghiém duoc thyc hién voi thép SKD61 trén méay phay CNC. Muc tiéu clia
qua trinh t6i vu héa cac thong s cong nghé la gidm cong sudt gia cong va do
nham b& mat. Thuat toan di truyén da muc tiéu duoc st dung dé tim gid tri tdi tu
cliacac thdng s6 cong nghé. KEt qua nghién ctu da dwa ra mot gidi phap pht hop
@& giam cng suat cat va do nham bé mat. Bén canh do, su két hop gita phurong
phap bé mét ddp (Gng va thut todn di truyén da muc tiéu co thé coi la mot
phuong phéap higu qua d& mo hinh va tdi tu hoa qué trinh phay kho.
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1. INTRODUCTION

The industrial sector accounts for about 39% of the total
energy use and manufacturing dominates the industrial
energy consumption [1]. Machining is a common
manufacturing process of production in workshops and
mechanic factories. Additionally, the energy efficiency of
machining process is less than 30% [2]. The energy
efficiency of a case study described by Gutowski is only 14.8
% [3]. As a result, it has great potential for energy savings in
machining processes. Energy price is tending to increase
without acceptable reasons. Furthermore, improving the
energy efficiency of machining processes is an effective
approach to reduce the environmental effects, natural
resource saving, and achieving sustainable development.
Therefore, reducing energy consumed in machining
operations is a significant contribution to improving the
energy efficiency in manufacturing.

Energy saving technologies for cutting process can be
divided into two solutions. The first solution mainly focuses
on machine design and improvement as well as new
cutting technologies used. The second solution pays
attention to investigate the relationship among cutting
conditions and energy consumption and leads to the
development of energy consumption models and optimal
parameters in terms of energy savings. Design
methodologies [4] and the intelligent control [5] were
proposed to improve the energy efficiency of cutting
process. Additionally, devices consumed less energy also
were used to improve the energy efficiency [6]. Apparently,
the first branch based on hardware technologies is too
costly to renew or replace existing devices. Improving the
energy efficiency should be made firstly in existing
machines and the second solution is an intelligent choice.
The optimizing cutting process is less expensive and has
better social sustainability compared to making drastic
changes due to the low investment needed and user
acceptance [7]. Consequently, optimal cutting conditions
selection plays an important role in reducing energy
consumption in cutting process.

To meet the challenge of reducing energy
consumption, a multi-objective optimization of the dry
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milling has considered in this paper. The material, namely
SKD61 was chosen as the workpiece due to wide
applications in molding, automotive, aerospace, and
marine industrial. Moreover, the practical analysis indicated
that machining parameters has complicated effects on the
machining responses, such as cutting energy and surface
roughness. Therefore, an effective approach for modeling
dry cutting and optimizing process parameters is still
urgent demand. This paper is expected as a significant
contribution to exhibit the impacts of machining factors on
the cutting power and surface roughness as well as help
the DM operators select the appropriate conditions.

2. MATERIALS AND METHODS

The systematic research procedure for experimental
conductions and parameter optimization is depicted in Fig.
1. The Box-Behnken method was applied instead of the full-
factorial in order to decrease the number of experiments
and guarantee the predicting accuracy [8, 9]. Three
machining parameters, including the spindle speed S,
depth of cut a, and feed rate f, with their levels were
exhibited in Table 1. The parameter ranges were identified
through machine tool characteristics as well as
recommendations of cutting tool manufacturers and
verified then using cutting trials. The output models
considered of P, and R, were developed with the aid of
experimental data and RSM [10, 11]. A non-dominated
sorting genetic algorithm Il (NSGA-II) was used to solve the
complicated problem with two objectives. In the NSGA-II,
each objective parameter is treated separately. Standard
genetic operation of mutation and crossover are performed
on the designs. The selection process is based on two main
mechanisms, including non-dominated and crowding
distance sorting. By the end of the optimization run a
Pareto set is constructed where each design has the best
combination of objective values and improving one
objective is impossible without sacrificing one or more of
the other objectives.

Table 1. Machining parameters and their values

Symbol Parameters level-1 | levelO | level +1
S Spindle speed (revolution/min) | 2000 | 3000 4000
a, Depth of cut (mm) 0.2 0.6 1.0
f, Feed per tooth (mm/tooth) 0.04 0.10 0.16
Identify parameters Performing dry Experimental data

&their ranges machining collection
L T T

v

| Cutting forces and surface roughness |
y

| Development of RSM models |
y

I Model fitness check |

y

| Determining optimal values using NSGA-II |

Fig. 1. Optimizing procedure for cutting power and surface roughness
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The dimensions of the rectangular SKD61 plate used
were 350 mmx150 mmx25 mm in the experiments. The
tool holder namely EPO07R012M12.0-02 mounting two
wiper inserts AOMT 070204PDPR-MJ of Tungaloy
Corporation was used to perform machining runs. The total
length, effective length, and effective diameter of the tool
holder are 68 mm, 18 mm, and 12 mm, respectively. The
detail data of the tool holder and cutting insert can be
found in Figs. 2a and 2b, respectively. A new insert was
adopted for each machining experiment to eliminate any
possible interference during the cutting process.

Table 2. Experimental results

No. | S(rpm) | a,(mm) | f,(mm/tooth) | P (kW) | R, (um)
1 4000 10 0.10 1.0695 0.94
2 3000 06 0.10 0.7243 0.71
3 3000 06 0.10 0.7319 0.73
4 3000 06 0.10 0.7206 0.73
5 3000 0.2 0.16 0.6196 113
6 4000 06 0.04 05811 051
7 3000 10 0.04 0.5848 0.93
8 3000 06 0.10 0.7300 0.73
9 3000 06 0.10 0.7187 0.73
10 | 3000 1.0 0.16 0.9801 151
11 | 2000 02 0.10 04752 0.73
12 | 2000 1.0 0.10 0.6897 113
13 | 2000 06 0.04 0.4554 07
14 | 4000 02 0.10 0.6116 052
15 | 2000 06 0.16 0.6724 1.29
16 | 3000 02 0.04 0.4055 053
17 | 4000 06 0.16 0.9947 0.99

The experiments were performed dry condition along
the direction of the width of the specimen. The machining
tests were performed on a SPINNER milling machine having
spindle speed of 20.000 RPM and spindle power of 22 kW
(Fig. 2c). The cutting forces were measured using the quartz
three-component dynamometer KISTLER 9257B with
control unit 5233A. These amplified signals are the
acquired by the personal computer through the acquisition
card. DynoWare software was used to process these signals
and expresses the three force components (Fig. 2d). The
cutting power was calculated using the following equation:

FV, Ff+F +FV,
° 60000 60000
where P, is the cutting power (kW). V. is the cutting
speed (m/min). F,, F,, and F, are the cutting forces in x, y,
and z direction (N), respectively.
The surface roughness values were measured by a
tester Mitutoyo SJ-301. The average response values were

observed from repeated three times at different positions
(Fig. 2e).

1

3. EXPERIMENTAL RESULTS

In this paper, the significance of the models proposed
and factors considered are evaluated using an analysis of
variance (ANOVA). The confidence level of 95% was used
and the factors with p-values less than 0.05 are considered
as significant. The experimental results of the dry milling
are given in Table 2. ANOVA results of the objective
functions are presented in Table 3 and 4 respectively.

As shown in Table 3, the R? value of 0.9945 revealed that
cutting power model was highly adequate to represent the
experimental data. Additionally, the F-value of 141.79
indicated that the second quadratic model is significant. As
aresult, the S, a,, f,, Sa,, Sf, a,f, and f," are significant terms.
The percentage contribution of 35.57% revealed that f, is
the most effective factor with regard to the single term. The
percentages of S and a, are 21.52% and 33.99%,
respectively. The insignificant terms (5%, a,”) were
eliminated in the design space in order to save the
computational costs and time.

The ANOVA results of the surface roughness model are
presented in Table 4. The R? value of 0.9980 indicated that
proposed model was significantly adequate to represent
the experimental data. The surface roughness model is
significant due to the p-value of less than 0.0001. For this
model, the single terms (S, a,, f,), quadratic terms (S*, a,”,
f,"%), and the interaction term (Sf,) were considered as the
significant terms. The interaction terms (Sa,, a,f,) were
found to be insignificant model terms. Especially, f, is the
most effective parameter due to the highest contribution
(50.17%). The percentages of S and a, are 25.28% and
8.28%, respectively. Additional, the percentages of f,”, a,”,
and S?were 10.08%, 5.74%, and 0.20%, respectively.

Table 3. ANOVA results for cutting power

Source Sumof | Mean | F-value | p-value Remark Contri.
Squares | Square (%)
Model | 0.540732 | 0.060081 | 141.7965 | <0.0001 | Significant
S |0.116215|0.116215 | 274.2754 | <0.0001 | Significant | 21.51
a, | 0.18368 | 0.18368 | 433.4976 | <0.0001 | Significant | 33.99
f,10.192207 | 0.192207 | 453.6237 | <0.0001 | Significant | 35.57
Sa, |0.014812 | 0.014812 | 34.95849 | 0.0006 | Significant | 2.74
Sf, | 0.009658 | 0.009658 | 22.79388 | 0.0020 | Significant | 1.79
af, |0.008215 | 0.008215 | 19.38913 | 0.0031 | Significant | 152
$™ 10.000231 | 0.000231 | 0544303 | 0.4846 |Insignificant | 0.04
a," | 0.001851 | 0.001851 | 4.368016 | 0.0750 | Insignificant | 0.34
£°20.013483 | 0.013483 | 31.822 | 0.0008 | Significant | 2.50
R =0.9945
Table 4. ANOVA results for surface roughness
Source Sumof | Mean | F-value | p-value Remark Contri.
Squares | Square (%)
Model | 1.258329 | 0.139814 | 392.2645 | < 0.0001 | Significant
S |0.103513 |0.103513 | 290.4158 | < 0.0001 | Significant | g 28
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a, |0.316013 |0.316013 | 886.6082 | < 0.0001 | Significant | 2528
f | 06272 | 06272 |1750.679|<0.0001 | Significant | 5017
Sa, 0 0 0 | 10000 |Insignificant| 0,00
Sf, | 0.003025 | 0.003025 | 8.486974 | 0.0226 | Significant | (.24
af, | 25E-05 | 2.56-05 | 0.07014 | 0.7988 |Insignificant| 0,00
$ | 0.002527 [0.002527 | 7.090813 | 0.0323 | Significant | 020
a,? |0.071706 |0.071706| 201.18 |<0.0001 | Significant | 574
£°2 | 0.126017 | 0.126017 | 353.5543| < 0.0001 | Significant | 10,08
R =0.9980

The response models (cutting power, surface

roughness) were developed in terms of input parameters
using response surface methodology. From the
experimental data, the coefficients of the regression
equations are calculated. The regression coefficients of
insignificant terms were eliminated based on ANOVA
results. Consequently, the regression response surface
models showing the cutting power (P,) and surface
roughness (R,) are expressed as follows:

P,= 0.37294-0.0000975-0.10917a,+2.13734f,
+0.0001525a,,+0.0008195f,+1.88832a f,
-0.13104a,"-15.71919f,
R,= 0.71039+0.0000795-0.47146a,-3.50694f,
-0.0000000255°+0.81563a, +48.05556f,

1400
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Fig. 3. Pareto chart
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To confirm the analyzed results, the Pareto charts of all
terms were generated based on the F-values. The aim of
the Pareto charts is to rank in descending order the effects
of the machining parameters and their interactions on the
technological outputs. The Pareto charts of P, and R, were
shown in Fig. 3a and 3b, respectively. It can be stated that
the Pareto charts are similar to the ANOVA results.

The effects of process parameters on the responses
were investigated using the contour plots. Figs. 4a and 4b
showed that an increase of the spindle speed, depth of cut,
and feed rate results in a higher cutting power. This
phenomenon can be explained as follows. Increasing a, or
f, increased the material removal volume in the same unit
of time, thus resulting in a higher cutting force or power
consumed. An improved spindle speed causes an increased
cutting speed and a higher cutting power is observed.

Fig. 4c and 4d exhibited that the surface roughness was
also decreased with an increment of S. A reduction of
cutting force can be observed at the higher spindle speed,
resulting in a smoother surface. An increased cutting force
or cutting power caused by a higher depth cut or feed rate
results in a coarser surface roughness.
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Fig. 4. Interaction plots for machining responses
4. OPTIMIZATION RESULTS

As a result, the inputs, including S, a, and f, have
complicated effects on the technological parameters,
including cutting power and surface roughness. The
optimizing issue can be described as follows:

Find X =S, a,, f]
Minimize cutting power P, and surface roughness R,
Constraints:

2000 < S < 4000 (revolution/min), 0.2 < a, < 1.0 (mm),
0.04 <f,<0.16 (mm/tooth).

After building the statistical regression equations
showing the relationship between process parameters and
machining responses, these equations are used to find
optimal parameters. The optimal parameters of the multi-
objective optimization are selected from the Pareto front.
The Pareto front generated by the NSGA-II algorithm was
exhibited in Fig. 5, in which the blue points are feasible
solutions. The optimal solution is determined as a blue
point with the red crossed line. The optimal values of

design variables and objective functions were presented in
Table5.

Table 5. Optimal values of process parameters and responses

Parameters S % f Pe R, (m)
(rpm) | (revolution/min) | (mm/tooth) | (kW) | H
Optimal | 3996 0.2 0.04 0.4057| 043
values
Initial values | 3000 0.6 0.10 0.7243] 0.71
- 44% | 39.44%
1.27
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Fig. 5. Pareto front for selecting optimal values

As compared to initial values in the Table 5, the cutting
power P, is decreased approximately 44% and surface
roughness R, is reduced around 39.44%.

5. CONCLUSIONS

This work addressed the process parameters
optimization of the dry milling for low cutting power as
well as surface roughness. A hybrid approach combining
machining experiments, RSM model, and NSGA-Il was
proposed in order to develop predictive models and
determine the optimal values. An ANOVA analysis was
performed to evaluate the model adequacy and factor
significance. The main conclusions from the research
results of this work can be drawn as follows within
parameter ranges:

1. The low process parameters were commented to
decrease the cutting power, in which depth of cut and feed
rate have the higher contribution, compared to the spindle
speed.

2. The surface roughness values decrease with increased
spindle speed and increase with higher depth of cut and
feed rate.

3. The optimizing issue, in which the cutting power and
surface roughness is practical and realistic in the dry milling
processes, compared to single objective optimization (i.e.
Minimizing surface roughness).
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This work is expected as a significant contribution to
improve the dry milling efficiency (i.e. Low energy
consumed and surface roughness). The holistic
optimization considering more objectives, such as material
removal rate and tool wear will be addressed in the future
work.
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