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In the present study, AA7039/Al2O3 metal matrix composites were produced by powder
metallurgy and the effect of milling parameters on surface roughness and cutting force
using an uncoated carbide insert were investigated. The milling tests were performed
based on the Taguchi design of experiment method using L18 21 � 32 with a mixed ortho-
gonal array. The effects of the cutting parameters on surface roughness and cutting force
were determined by using analysis of variance (ANOVA). The analysis results showed that
material structure was the most effective factor on surface roughness and feed rate was the
dominant factor affecting cutting force. Surface roughness values were significantly
improved by between 196% and 312% in milling Al2O3 particle-reinforced aluminum alloy
composite compared to AA7039 aluminum. Artificial neural networks (ANN) and regres-
sion analysis were used to predict surface roughness and cutting force. ANN was able to
predict the surface roughness and cutting force with a mean squared error equal to
2.25% and 6.66% respectively.

� 2015 Elsevier Ltd. All rights reserved.
1. Introduction

In recent years, metal matrix composites (MMCs) mate-
rials has been employed in many engineering areas due to
their unique mechanical and physical properties [1]. Alu-
minum-based composites have high strength, hardness,
wear resistance and strength to weight ratio and are exten-
sively used in automobiles, recreational industries and
aerospace applications [2]. Muthukrishnan and Davim [3]
investigated the surface roughness of Al–SiC composite
by turning using polycrystalline diamond (PCD) insert
under different cutting conditions. Obtained experimental
data are tested with analysis of variance (ANOVA) and arti-
ficial neural network (ANN) techniques. Multilayer percep-
tron model has been constructed with back-propagation
algorithm (BPA) using the input parameters of depth of
cut, feed, cutting speed and output parameter is surface
roughness measured from the machined workpiece. ANN
and ANOVA was used to predict the surface roughness val-
ue and developed two different prediction analytical mod-
el. The feed rate has the highest effect on the surface
roughness (51%) right after the depth of cut (30%) and
the cutting speed (12%) respectively. The developed ANN
model showed a close match between the model output
and the directly measured surface roughness. ANN is a
more effective method than ANOVA in optimization. Sahoo
and Pradhan [2] investigated the influence of process para-
meters such as cutting speed, feed and depth of cut on
flank wear and surface roughness in turning Al/SiCp metal
matrix composites using uncoated tungsten carbide insert
under a dry environment based on Taguchi’s L9 orthogonal
array. Abrasion and adhesion are observed to be the prin-
cipal wear mechanism from images of the tool tip. Built-
up-edge formation is noticed at low, and higher cutting
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Table 1
Chemical compositions of AA7039 and AA7039 metal matrix composite.

Chemical composition (wt.%)

Al Mg Zn Cu Si Mn Ti Fe Cr

89.91 4.17 4.39 0.53 0.45 0.2 0.19 0.12 0.02
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speed and at high feed combination, and consequently sur-
face quality is affected adversely. Muñoz-Escalona et al. [4]
investigated the surface milling of the material of Al7075–
T7351 in experiments and modeled the experimental
results by using ANN. Their experiments showed that there
is a strong correlation between chip thickness and surface
roughness. Manna and Bhattacharyya [5] investigated the
influence of cutting conditions on surface finish during
turning of Al/SiC–MMC. Taguchi method was used to opti-
mize cutting parameters for effective turning of Al/SiC–
MMC using a fixed rhombic tooling system. An orthogonal
L27 (313) array is used for 33 factorial design and analysis of
variance (ANOVA) is employed to investigate the influence
of cutting speed, feed and depth of cut on the surface
roughness height Ra and Rt respectively. The interaction
of cutting speed/feed, feed/ depth of cut and cutting
speed/depth of cut has no significant effect on the surface
roughness height Rt. Benardos and Vosniakos [6] suggested
an ANN modeling approach for the prediction of surface
roughness for a Taguchi design of experiments method
(TM). Khorasani et al. [7] used ANN to study the role of cut-
ting parameters in the prediction of tool life in the milling
process and they found good correlation between the esti-
mated and experimental values. Vrabel et al. [8] developed
an appropriate control strategy with the help of ANN to
predict surface roughness and tool wear. Experimental
data obtained from tests were used as input parameters
into ANN to identify the sensitivity among cutting condi-
tions, tool wear and monitoring parameters and surface
roughness. Sahin et al. [9] studied the machinability of
2024 aluminum alloy reinforced with Al2O3 particles using
varying size and weight fractions of particles up to 30 wt.%
by a vortex method. Experiments were carried out with
TiN (K10) coated carbide tools and TP30 coated carbide
tools at various cutting speeds. Tool wear and surface
roughness in the turning of Al2O3 particle-reinforced alu-
minum alloy composite was investigated with the effects
of material structures. The surface roughness increased
with the increasing weight percentage of the particles. Fur-
thermore, Sahin et al. reported a limited number of studies
on MMCs reinforced by Al2O3 particles. Varol et al. [10]
investigated to the effect of reinforcement properties on
the physical and mechanical properties of Al2024–B4C
composites. They used the ANN for the prediction of effect
of the physical and mechanical properties. The results
showed that the ANN model was a powerful tool for the
prediction of effect of physical and mechanical properties
of composites. Taguchi method is a statistical method
developed by Dr. Genichi Taguchi to improve the quality
of the manufactured goods. Experiments with many cut-
ting parameters can become unpractical and costly in
terms of time and materials to be used. Taguchi design of
experiments are powerful tools in reducing experimental
trials. Studies in recent years, successful applications of
Taguchi method have been widely used for the experimen-
tal investigations and in various engineering areas includ-
ing milling of MMCs [11–16].

Many researchers have investigated the machining of
aluminum based composites and several researchers were
studied the mechanical properties and stir welding of
AA7039 [17–21] but the effect of cutting parameters on
the surface roughness and cutting force of AA7039 and
Al2O3 reinforced composites has not been studied. The
aim of the present paper was to: (a) analyze the effect of
milling parameters on surface roughness and cutting force
in finish machining conditions with the depth of cut limit-
ed to under 1.5 mm and (b) develop analytical models to
for the prediction the surface roughness and cutting force
using regression analysis and artificial neural networks.
Furthermore, ANOVA is performed to understand the most
important cutting factors based on the Taguchi L18 method
in this study.

2. Experimental methods

2.1. Workpiece material

The workpiece material was fabricated by the powder
metallurgy method using gas atomizing AA7039 aluminum
and Al2O3 (10% by weight) powders. The average sizes of
the aluminum and Al2O3 powders were <150 lm and
<10 lm respectively. Firstly, the MMCs containing alu-
minum mixed with 10%wt Al2O3 (10 lm) powders were
mixed uniformly for 30 min in a three-dimensional Turbu-
la mixer. After that, the mixed powders were initially cold
compacted at a pressure of 300 MPa. Next, sintering was
carried out at 550 �C for 1 h. Finally, samples were extrud-
ed in the ratio of 1=4 in a pre-heated extrusion molding
at 500 �C. The dimensions of the produced composites
were 285 � 24 � 86 mm. The AA7039 and Al2O3 particle-
reinforced composite obtained commercially as T6 heat-
treated was solution heat-treated at 470 �C for 2 h, then
quenched in water and then the composites were aged at
120 �C for 2 h in a furnace. Scanning electron microscopy
(SEM) and energy dispersive spectroscopy (EDS) were used
to examine of the chemical compositions and microstruc-
tures of the Al2O3 metal matrix composite and AA7039
used in the milling trials. Hardness measurements were
carried out by using a Vickers HV3 hardness testing
machine by applying a 3 kg load on the samples for 5 s.
The hardness mean value for each specimen was specified
by measuring four different regions. Their results are
shown in Tables 1 and 2 and Fig. 1 respectively. The SEM
image of the surface texture of the machined workpiece
can be seen in Fig. 1(a) and (b). It was found that Al2O3

white particles were embedded homogeneously into the
metal matrix composite and identified by EDS. The sur-
faces of the machined workpiece contain tiny surface
scratches and tiny holes as shown in Fig. 1.

2.2. Milling experiments

A Johnford VMC550 model three-axis CNC milling
machine was used to perform the face milling experiments



Table 2
Hardness of AA7039 and metal matrix composite.

Hardness of AA7039 (Hv) Hardness of MMCS (Hv)

110 127

S�. Karabulut / Measurement 66 (2015) 139–149 141
under dry cutting conditions. The experimental set-up for
the face milling tests is shown in Fig. 2. A standard
40 mm tool holder with a single cutting tool was used in
the experiments. Walter LNGX130708R-L88, WK10 quality
uncoated carbide inserts with ISO code
F4041.B16.040.Z03.13 were mounted on the tool holder.
In the literature review, PCD cutting tool were recom-
mended by several authors regarding to their superior
hardness, abrasion and fracture resistance in machinability
of MMCs. However, PCD cutting tools are relatively costly
in comparison to carbide cutting tools. Therefore, carbide
cutting tools have been found advantageous in terms of
economics in some cases in the literature [2] and used
instead of PCDs in the experiments. The surface roughness
(Ra) of the workpiece was measured on a MAHR-
Perthometer M1 portable surface roughness device (cut
of length 0.8 mm). ISO 4287 standard [22] was followed
during the surface roughness measurement. Every test
for surface and cutting force was machined with a new
tool. The surface roughness was measured by machining
the samples along 90 mm in the center of the machined
specimen without removing the workpiece, and the aver-
age values were calculated by measuring the rate of sur-
face roughness at four different points. For the force
measurements, a Kistler 9257B 3-component dynamome-
ter and Kistler 5070A amplifier were used in the experi-
ments. The milling parameters were selected after
considering the recommendation given in the tool
manufacturer’s catalogue and ISO Standard 8688-1 [23].
Then, a group of preliminary experiments were performed
to determine the optimal cutting parameters. Based on the
experiences from the pilot tests, the initial cutting para-
meters have been chosen to investigate their effects on
the surface roughness and cutting force. The lower and
upper cutting parameters were hence determined by mul-
tiplying the optimized cutting speed, feed rate and depth
of cut by 30%. The cutting parameters used in the
experiments are listed in Table 3. After fabrication of the
Fig. 1. Microstructure of AA7039 metal matrix composite (a) white
composite materials, microstructure and hardness were
investigated. The machined workpiece material and sur-
faces of the cutting insert were analyzed by SEM using a
JEOL JSM 6060 LW electron microscope. The workpiece
material hardness was measured using an EMCO TEST Dur-
avision 200.

3. Experimental design and optimization

3.1. The Taguchi method and design of experiments

In this study, feed rates, cutting speeds and depth of cut
were investigated to determine the effect of machining
parameters on the surface roughness and the cutting force.
The full factorial experimental cutting parameters with
three factors and four levels involve 54 experimental
results. This increases the number of experimental runs
correspondingly it takes time and requires a very high cost.
Therefore, Taguchi proposed a unique design of orthogonal
array to investigate the full parameter with a small num-
ber of experimental trials in order to reduce the
experimental process. This method make less the number
of experiments by using orthogonal arrays and minimizes
the effects of factors that cannot be controlled. Further-
more, it provides a simple, efficient and systematic
approach to specifying the optimum cutting parameters
in the manufacturing process [24,25]. The Taguchi’s quality
loss function approach was performed to calculate the
deviation between the experimental values and the opti-
mal cutting values. This function are further regenerated
into a signal-to-noise (S/N) ratio and the cutting
parameters are evaluated based on the S/N. The S/N
ratio indications can be separated into three groups:
the smaller-the-better, the larger-the-better, and the
nominal-the-best. This study aimed to optimize the sur-
face roughness (Ra) and cutting forces (F). Hence, a small-
er-the-better has been debated to compute the S/N ratio.
Where Ri is the obtained value of surface roughness and
cutting force for the ith test in that experiment, and n is
the number of tests in the trials, a high signal to noise ratio
is always preferred [3,26,27]

S=NLB ¼ �10log10
1
n

Xn

i¼1
R2

i

� �
ð1Þ
particles are Al2O3 powders and (b) AA7039 base material.



Fig. 2. Experimental set-up for surface roughness and cutting force measurements (a), schematic representation of force directions (b) [24].

Table 3
Cutting parameters used in the experiments.

Parameters Values

Lead angles (Degree), Kr 90�
Cutting speed (m/min), Vc 290, 375, 488
Feed per tooth (mm/tooth), fz 0.1, 0.13, 0.17
Axial depth of cut (mm), ap 0.8, 1, 1.3
Radial depth of cut (mm), ae 24
Tool holder diameter (mm), Dc 40
Number of cutting edge, Zn 1
Workpiece dimension (mm) 90 � 50 � 20

Table 5
Taguchi L18 (21 � 32) standard orthogonal array.

Experiment no Factor A Factor B Factor C Factor D

1 1 1 1 1
2 1 1 2 2
3 1 1 3 3
4 1 2 1 1
5 1 2 2 2
6 1 2 3 3
7 1 3 1 2
8 1 3 2 3
9 1 3 3 1
10 2 1 1 3
11 2 1 2 1
12 2 1 3 2
13 2 2 1 2
14 2 2 2 3
15 2 2 3 1
16 2 3 1 3
17 2 3 2 1
18 2 3 3 2
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Feed rate, depth of cut and cutting speed were deter-
mined as the control factors with three levels each and
workpiece materials were used with two levels AA7039
and AA7039 reinforced with Al2O3 as shown in Table 4.
As previously mentioned, a Taguchi L18 mixed orthogonal
array design has been used and is shown in Table 5.
3.2. Artificial neural network modeling

At the base of the Taguchi analysis, a multilayer ANN
model with back propagation was specially chosen in this
experiment because of its wide application, and the Leven-
berg–Marquardt algorithm was used by means of Pythia
software. The network was constructed with four layers,
including the input, output and hidden layers. The ANN
with one hidden layer gave significantly high errors; hence,
a two-layer construction was considered. The input neu-
rons are the type of material, axial depth of cut, feed per
tooth and cutting speed whereas the output neurons are
surface roughness, Ra and cutting force, F. Pythia software
Table 4
Milling factors and levels.

Factors Notation Unit

Material M
Cutting speed Vc m/min
Feed per tooth fz mm/tooth
Depth of cut ap mm
was used for training this network, and the ANN was
trained with the back-propagation algorithm. The software
randomly selected the weights of the network connections.
The neural network was trained with 18 experimental data
and was subsequently validated and tested with 13
experimental data. The Pythia software uses the Fermi
function as the transfer function. The input and output val-
ues are normalized in (�1, 1). Two different workpiece
materials were used in this experimental research to
understand the differences between AA7039 alloy and
alloy reinforced with Al2O3. So, the experimental speci-
mens were coded minimum 1 and maximum 2 for ANN
Level 1 Level 2 Level 3

AA7039 10 wt.% Al2O3 –
290 375 488
0.1 0.13 0.17
0.8 1 1.3



Table 6
Limiting values of the ANN software.

Inputs Minimum Maximum

Material M 1 2
Cutting speed Vc 290 488
Feed rate fz 0.1 0.17
Axial depth of cut ap 0.8 1.3
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training. Table 6 summarizes the maximum and minimum
values of the milling constants used in the trials for nor-
malization. The Fermi transfer function can be measured
using Eq. (2).

NðZÞ ¼
1

1þ e�4ðz�0:5Þ ð2Þ

The experimental results were trained with ANN and
were investigated with the most appropriate network
structures, and different cycle and neuron numbers. First,
the network structure with the lowest deviation value
was determined by automatically optimizing the software.
It was trained up to the smallest deviation value by chang-
ing the deviation count and training values of the software,
after deciding the network structure. Following these
operations, a network structure comprising four layers
and eleven neurons was chosen for the experiments. The
measured data obtained from the experiments were com-
pared with the predicted results of the ANN structure.
The comparative results indicated no explicit error in the
deviation rate. After this phase, the weight values in the
neurons were imported into the Excel software. Following
that, an analytical model was developed with these weight
values so as to predict the average Ra and F. The Ra and F
were predicted using a feed-forward four-layered back-
propagation ANN architecture, as shown in Fig. 3. Each
input value in ANN structure is multiplied by the weight
values connected with it. The weighted input values are
added linearly to obtain the output values. As shown in
Fig. 3, the output values thus obtained are used as input
values for other neurons. The following Eqs. (3) and (4)
were acquired using the weight values of the neurons in
the ANN network structure during the milling conditions.
These equations can be benefited for forecasting the Ra
and F while milling the AA7039 alloy and the metal matrix
composite reinforced with 10% Al2O3 using the uncoated
carbide inserts.

The Fermi transfer function is expressed as
N11ðRaÞ ¼
1

1þ e�4ð�0:520284�N6�0:629007�N7þ1:39662�N8þ2:223839�N9þ2:135624�N
10�0;5 Þ

ð3Þ

N11ðFÞ ¼
1

1þ e�4ð�1:475214�N6�1:305926�N7þ1:167191�N8þ0:553529�N9þ1:209497�N�0;5
10 Þ

ð4Þ
Ni ¼
1

1þ e�4�ðEi�0:5Þ ð5Þ

The Ei value was calculated using Eq. (6) for the neurons
from N1 to N5. Here i represents the number of neutrons
in the equation. The obtained weights are shown in
Table 7.

Ei ¼ w1i �M þw2i � Vc þw3i � f z þw4i � ap ð6Þ

Similarly, the Ei value for the neurons from N6 to N10 was
calculated using Eq. (7). The obtained weights are shown
in Table 8.

Ei ¼ w1i � N1 þw2i � N2 þw3i � N3 þw4i � N4 þw5i � N5 ð7Þ
4. Experimental results and discussion

Cutting force and surface roughness values were
obtained from milling experiments and the experimental
design was based on Taguchi techniques. Lower values of
surface roughness and cutting force are very important for
product quality, power consumption and costs. Therefore,
a lower-the-better (LB) characteristic was effected for each
control parameter and experimental data for surface rough-
ness and cutting force were evaluated with the S/N response
table.

The experimental results and mean corresponding S/N
ratios for surface roughness and cutting force are shown in
Table 9. Machining parameters and their main effect on Ra
and F are shown in Figs. 4 and 5 respectively. The optimal
milling parameters and the best level of each control factor
can be seen in Tables 10 and 11 and Figs. 4 and 5 respectively.
The S/N ratio of each cutting parameters have been comput-
ed by calculating the arithmetic mean of their corresponding
levels. The best machining parameters were obtained
depending on the highest S/N ratio in the levels of control
factor. According to the response table for S/N ratios in
Table 10, the best Ra values for surface roughness were des-
ignated as factor A (Level 2, S/N = 11.841), factor B (Level 3,
S/N = 9.408), factor C (Level 1, S/N = 9.116), and factor D
(Level 3, S/N = 8.900). From the main effect figures and
response for S/N ratios in Table 11, the best cutting para-
meter combinations for surface roughness are accomplished
in milling AA7039 alloy reinforced with 10% Al2O3 (A2), at
cutting speed (B3) 488 m/min, at feed per tooth (C1)
0.1 mm and at depth of cut (D3) 1.3 mm. Similarly, accord-
ing to the response table for S/N ratios, the best Fc values
for cutting force were designated as factor A (Level 1, S/
N = �48.72), factor B (Level 3, S/N = �48.30), factor C (Level
1, S/N = 47.45), and factor D (Level 3, S/N = �48.51). The opti-
mal parametric combinations for cutting forces are found to
be in AA7039 alloy reinforced with 10% Al2O3 (A2), at cutting
speed (B3) 488 m/min, at feed per tooth (C1) 0.1 mm and at
depth of cut (D3) 1.3 mm, as shown in Fig. 5 and response
Tables 10 and 11 respectively.

ANOVA was performed to understand the importance
level of cutting factors for surface roughness and cutting
force in milling AA7039/MMC. The ANOVA results for the
surface roughness and cutting force are shown in Table 12.



Fig. 3. ANN structure in the Levenberg–Marquardt algorithm with eleven neurons.

Table 7
Constants used in Eq. (6) from neurons 1–5.

i w1i w2i w3i w4i

Constants for surface roughness
1.1 0.178864 0.814413 �1.096594 �0.317216
1.2 1.055958 �0.350638 �0.252813 0.572231
1.3 �0.651736 �0.014870 �0.852058 0.079290
1.4 0.100384 0.382177 �0.223092 0.638288
1.5 �0.475244 �0.546701 0.277390 0.258259

Constants for cutting force
1.1 �1.143896 0.763592 �0.892295 �0.234660
1.2 0.042618 0.769143 �0.142045 �1.032231
1.3 0.536454 �0.067959 �0.503089 �0.645030
1.4 �0.036330 �0.071817 0.798556 0.420142
1.5 �0.427278 0.236380 0.910044 �0.912801
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From the analysis of variance, it is concluded that material
type is the most significant parameter for surface rough-
ness, with a percentage contribution of 85.24%, and cutting
speed followed by feed rate with percentage contributions
of 7.12% and 5.05% respectively. Similarly, according to the
analysis of variance results, the percent contributions of
the Type of material, cutting speed, feed rate and depth
of cut on cutting force were calculated as 0.62%, 6.62%,
Table 8
Constants used in Eq. (7) from neurons 6–10.

i w1i w2i

Constants for surface roughness
2.6 0.565124 0.582182
2.7 0.573059 0.090305
2.8 �0.027097 �0.618203
2.9 0.640604 0.186533
2.10 �0.532981 �0.379007

Constants for cutting force
2.6 0.813797 �0.004992
2.7 1.219571 �0.142080
2.8 �0.644815 �0.696381
2.9 0.671038 0.244593
2.10 �1.316273 �1.310500
73.67% and 16.16% respectively. Thus, the most effective
cutting factor on the cutting forces was feed rate (factor
C, 73.67%).

Increasing the feed rate resulted in a lower quality sur-
face roughness and increased the resultant cutting force.
Increasing the cutting speed resulted in a higher quality
surface roughness, especially at lower feed rates, and
decreased the cutting forces. Increasing depth of cut did
not significantly affect the surface quality in milling MMCs,
but caused an increase in the resultant cutting forces. Sur-
face roughness values were improved remarkably in
milling 10 wt.% Al2O3 composites and cutting forces were
not affected significantly by the type of material (Figs. 4
and 5). Cutting forces were increased at the ratio of 0.63%
in milling 10 wt.% Al2O3 composites. A comparison of sur-
face roughness between AA7039 and the alloy reinforced
with 10 wt.% Al2O3 was made. Experimental results
showed that the surface roughness values were significant-
ly improved by between 196% and 312% in the milling of
the alloy reinforced with 10 wt.% Al2O3 compared with
AA7039 aluminum alloy in all experimental conditions.

Surface roughness was more directly affected by the
10 wt.% Al2O3. This may be due to a small amount of the
w3i w4i w5i

�0.707086 �0.168258 �0.796446
�0.261976 0.525032 �1.186893

0.029236 0.626102 �0.218814
1.273627 �0.959134 1.412539
0.752728 0.325595 0.734041

�0.572924 0.189478 �0.632103
�0.240935 0.646951 �1.062887
�0.196686 1.457395 �0.863222

0.615704 �1.452437 0.954019
0.092516 0.645796 0.381732



Table 9
The test results and S/N ratios values.

Exp No Control factors Surface
roughness Ra

S/N ratio
for Ra (dB)

Cutting force F S/N ratio for
F (dB)

A B C D

Material (M) Cutting speed (Vc) Feed rate fz Axial depth of cut ap

1 AA7039 290 0.1 1.3 0.71625 2.8987 251.71765 �48.0183
2 AA7039 290 0.13 0.8 0.7235 2.8112 263.45304 �48.4141
3 AA7039 290 0.17 1 0.7805 2.1525 372.20111 �51.4156
4 AA7039 375 0.1 1 0.60175 4.4117 202.96141 �46.1483
5 AA7039 375 0.13 1.3 0.654 3.6884 303.28526 �49.637
6 AA7039 375 0.17 0.8 0.6714 3.4604 334.30704 �50.4829
7 AA7039 488 0.1 1.3 0.44175 7.0965 212.39416 �46.5429
8 AA7039 488 0.13 0.8 0.46725 6.609 233.09691 �47.3507
9 AA7039 488 0.17 1 0.6045 4.3721 335.09485 �50.5034
10 10 wt.% Al2O3 290 0.1 1.3 0.22975 12.7749 277.92345 �48.8785
11 10 wt.% Al2O3 290 0.13 0.8 0.31275 10.0961 256.12636 �48.1691
12 10 wt.% Al2O3 290 0.17 1 0.337 9.4474 360.47989 �51.1376
13 10 wt.% Al2O3 375 0.1 1 0.21475 13.3613 232.70003 �47.3359
14 10 wt.% Al2O3 375 0.13 1.3 0.2295 12.7843 323.71635 �50.2033
15 10 wt.% Al2O3 375 0.17 0.8 0.326 9.7356 324.1464 �50.2148
16 10 wt.% Al2O3 488 0.1 1.3 0.196 14.1549 245.47857 �47.8003
17 10 wt.% Al2O3 488 0.13 0.8 0.239 12.432 225.79206 �47.0742
18 10 wt.% Al2O3 488 0.17 1 0.2575 11.7845 336.73385 �50.5457

Fig. 4. Effect of cutting parameters on average S/N ratio for Ra.
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built-up edge constitution (BUE) on the cutting insert
when machining AA7039 aluminum alloy. BUE formation
on the cutting tool was investigated using SEM–EDS analy-
sis and it was observed at lower cutting speeds on the cut-
ting tool, as seen in Fig. 6. EDS analysis results of the
rectangular region 2 marked on the SEM micrograph on
the left are also given in Fig. 6(b).

A small amount of workpiece material was transferred
from the workpiece to the cutting insert surface can be
observed in Fig. 6. Aluminum and intermetallic particles
were determined by EDS analysis on the cutting tool face
(2). This BUE formation might be caused by scratches on
the machined surface during the milling process, because
of friction between the tool and workpiece. On the other
hand, BUE constitution was not seen on the cutting insert
in milling the 10 wt.% Al2O3 metal matrix composite. The
surface roughness value was also influenced by the cutting
parameters. Experimental results indicated that the sur-
face quality was improved with increasing cutting speed.
In agreement with the literature, an increase of cutting
speed improves the surface finish quality, on condition
that the cutting speeds exceed the limitation of built-up
edge constitution. Another cutting parameter affecting
the surface roughness was the feed rate. Experiments
showed that an increasing feed rate caused an increase in
surface roughness values and increased the resultant cut-
ting force, as shown in Figs. 4 and 5. From the Fig. 7, SEM
image of two different region of the machined surface of
the AA7039 reinforced with 10 wt.% Al2O3 can be seen.
As can be seen from this figure, Al2O3 particles can be



Fig. 5. Effect of cutting parameters on average S/N ratio for F.

Table 10
Response table for S/N ratios for Ra and F (Smaller is better).

Level (M) Vc fz ap Level (M) Vc fz ap

1 4.167 6.697 9.116 7.524 1 �48.72 �49.34 �47.45 �48.62
2 11.841 7.907 8.070 7.588 2 49.04 �49.00 �48.47 �49.51
3 9.408 6.825 8.900 3 �48.30 �50.72 �48.51
Delta 7.675 2.711 2.291 1.376 Delta 0.32 1.04 3.26 1
Rank 1 2 3 4 Rank 4 2 1 3

Table 11
Response table for means for Ra and F.

Level (M) Vc fz ap Level (M) Vc fz ap

1 0.6290 0.5166 0.4000 0.4567 1 278.7 297.0 237.2 272.8
2 0.2602 0.4496 0.4377 0.4660 2 287.0 286.9 267.6 306.7
3 0.3677 0.4962 0.4112 3 264.8 343.8 269.1
Delta 0.3687 0.1490 0.0961 0.0548 Delta 8.3 32.2 106.6 37.6
Rank 1 2 3 4 Rank 4 3 1 2

Table 12
Results of ANOVA for surface roughness and cutting force.

Source DF SS SS MS F P Contribution rate (%)

Ra
M 1 265.041 265.041 265.041 347.28 0.000 85.25
Vc 2 22.139 22.139 11.069 14.50 0.001 7.12
fz 2 15.784 8.864 4.432 5.81 0.021 5.08
ap 2 0.312 0.312 0.156 0.20 0.819 0.10
Residual error 10 7.632 7.632 0.763 2.45
Total 17 310.908 309.1 309.1

F
M 1 309.1 3257.1 1628.5 2.16 0.172 0.63
Vc 2 3257.1 39010.8 19505.4 11.41 0.003 6.63
fz 2 36214.4 7948.2 3974.1 136.61 0.000 73.67
ap 2 7948.2 1427.8 142.8 27.83 0.000 16.17
Residual error 10 01427.8 309.1 309.1 2.90
Total 17 49156.6

146 S�. Karabulut / Measurement 66 (2015) 139–149



Fig. 6. (a) SEM micrograph of cutting tool in machining AA7039 aluminum alloy and (b) EDS analysis results (2) (Al, Zn, Fe, Cu, Mg, Cr).

Fig. 7. SEM micrograph of the machined surface of AA7039/Al2O3.
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distinguished dispersed particles on workpiece surface.
From the SEM analysis of these particles clearly under-
stood that they were belong to Al, O, Zn, Mg and Si.
4.1. Mathematical models and prediction performance

In the present paper, the neural network consisted of
four input neurons corresponding to the material, cutting
speed, feed and depth of cut, one output neuron corre-
sponding to surface roughness and one output neuron cor-
responding to cutting force, as shown in Fig. 3. ANN,
Taguchi and regression equations were tested and validat-
ed by using the verification test results. Confirmation tests
were performed at random levels of control factors, and
graphs were drawn using predicted and validated values.
Average errors for the performance of ANN when testing
all the training data for surface roughness and cutting force
were 0.07% and 0.23% respectively. The predictive equa-
tions obtained from the ANN model of surface roughness
and cutting force were given in Eqs. (3) and (4) respective-
ly. At the base of the Taguchi analysis, regression analysis
was also used for predicting and analyzing the experimen-
tal data. Average errors for the performance of regression
analysis when examining all the training data for surface
roughness and cutting force were 5.46% and 2.9% respec-
tively. The predictive equations obtained from a linear
regression model of surface roughness and cutting force
are presented below.

Ra ¼ 1:1767� 0:3687�M � 0:00075� Vc þ 1:3778
� f z � 0:0717� ae

R� Sq ¼ 96:31% R� SqðadjÞ ¼ 95:17%

ð8Þ
F ¼ �62:8841þ 8:2872�M � 0:16447� Vc þ 2001:73
� f z þ 125:452� ae

R� Sq ¼ 96:94% R� SqðadjÞ ¼ 96%

ð9Þ

The comparison of the confirmation test results and
predicted values obtained from the ANN model and
regression model are given. R2 values of the equations
obtained from the ANN model for Ra and cutting force
were calculated as 97.75% and 93.34% respectively. R2

values of the equations obtained from the regression
model for Ra and cutting force were calculated as 93.8%
and 90.72% respectively. The verification test results indi-
cated that the ANN model has been successfully applied
to the cutting parameters of milling AA 7039 alloy and
MMC composites. Figs. 8 and 9 show the measured



Fig. 8. Predicted values of ANN and regression model for surface
roughness.

Fig. 9. Predicted values of ANN and regression model for cutting force.
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experimental test results and predicted values obtained
from the ANN model and regression model for surface
roughness and cutting force. It was observed that a good
harmony between the measured experimental data and
the predicted values. The predicted values based on the
ANN model for the surface roughness and cutting force
are very close to the experimental observations. The con-
firmation and validation test results for the surface
roughness and cutting force values using ANN are illus-
trated in Figs. 8 and 9. It is clear from these figures that
the ANN model was successful at predicting the surface
roughness and cutting force in face milling of MMC.
5. Conclusions

In this experimental study, AA7039 based metal matrix
composites reinforced with Al2O3 were successfully pro-
duced by powder metallurgy method. The face milling
experiments were carried out using an uncoated carbide
insert under dry cutting conditions. The milling tests were
performed dependent on a Taguchi L18 orthogonal array
and determined the optimal cutting parameters for surface
roughness and cutting force. Analytical models of surface
roughness and cutting force were developed using an
artificial neural network and regression analysis. The
experimental results were also evaluated using ANOVA.
The following conclusions may be drawn from the results
of this experimental investigation.

� Surface roughness values were significantly improved
by between 196% and 312% in milling Al2O3 metal
matrix composites while increasing the hardness from
110 Hv to 127 Hv. 10% Al2O3 reinforced composite
material showed a better performance than AA7039
alloy, due to the homogeneous distribution of the
Al2O3 reinforcing particles in the Al7039 and hardness
structure of Al2O3.
� Cutting forces were not affected significantly and

increased only at the ratio of 0.63% in milling 10 wt.%
Al2O3 composites.
� The optimum levels of the control factor for minimizing

the surface roughness and cutting force were deter-
mined from the response table for signal-to-noise
ratios. The best cutting combination for surface rough-
ness was observed at A1B3 C1D3, i.e., with workpiece
material AA7039 reinforced with 10 wt.% Al2O3, cutting
speed at 488 m/min, feed at 0.1 mm/tooth and axial
depth of cut at 1 mm respectively.
� ANOVA results show that the most effective control fac-

tor for surface roughness, with a percentage contribu-
tion of 85.24%, was the type of material. The feed rate
and cutting speed affect the surface roughness by
7.12% and 5.05% respectively. The depth of cut has the
least effect on surface roughness.
� The optimal parametric combination for cutting forces

was observed at A2B3 C1D3 i.e., with AA7039 alloy, cut-
ting speed at 488 m/min, feed at 0.1 mm/tooth and
depth of cut at 1 mm respectively. From the analysis
of variance, the most effective control factor for cutting
forces, with a percentage contribution of 73.67%, was
feed rate, followed by depth of cut and cutting speed,
with percentage contributions of 16.16% and 6.62%,
respectively. The type of material has an insignificant
effect on cutting forces.
� The developed ANN model presented a clear relation-

ship with determination coefficients for surface rough-
ness and cutting force R2 = 97.75% and 93.34%
respectively. This shows the great significance of the
model developed using ANN.

These experimental results showed that ANNs can be
used successfully for the prediction of surface roughness
and cutting force in the milling of AA7039 and Al2O3 rein-
forced composite.
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