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Abstract In the present study, aluminum alloy 7075

(Al7075)-based open-cell silicon carbide (SiC) foam

composite was fabricated and the machinability of both

Al7075 and the open-cell SiC foam Al metal matrix

composite was investigated during milling using an

uncoated carbide tool. The machining trials were con-

ducted using the Taguchi L27 full-factorial orthogonal

array, and the milling parameters were optimized for sur-

face roughness. Analysis of variance was employed to

determine the effect of the cutting variables on surface

roughness. The experimental results were evaluated by

signal-to-noise ratio, 3D surface graphs, artificial neural

networks (ANNs) and main effect graphs. The analysis

results show that the feed rate was the most significant

milling parameter affecting surface roughness of both

Al7075 and the open-cell SiC foam composite. Prediction

models have been developed for the surface roughness

through regression analysis and ANNs. Confirmation

experiments were performed to identify the performance of

mathematical models, and the surface roughness was pre-

dicted with a mean squared error equal to 1.6 and 0.24 % in

the milling of Al7075 and open-cell SiC foam composite,

respectively. The test result showed that the three-dimen-

sional open-pore SiC foam network reinforcement was

restricted the movement of the soft matrix and provided an

acceptable surface quality in the milling of MMCs.

Keywords Open-cell SiC foam MMC � Al7075 � Surface
roughness � Taguchi’s method � Artificial neural network

1 Introduction

Aluminum alloy 7075 (Al7075) and open-cell silicon car-

bide (SiC) foams are suitable for a variety of specific

applications such as aerospace applications, fire protection

materials, filters, catalyst supports, gas burners, sensors and

thermistors. Ceramic foams are already commercially

available and have many potential advantages because of

physical properties such as high mechanical strength, low

density, good thermal conductivity and high oxidative

resistance to chemical attack. However, the existing pro-

cess used to fabricate, characterize and machine SiC-rein-

forced MMCs requires improvement [1–5]. SiC particles in

composites are easily removed from the matrix structure,

which reduces the tribology property of the composites in

machining process. Metal matrix composites reinforced by

three-dimensional ceramic network such as open-cell SiC

foams have better tribology properties and larger high-

temperature strength than traditional aluminum composites

reinforced with SiC particles. The open-cell SiC foam

network reinforcement restricts the movement of the soft

matrix and endures the load [6]. Muthukrishnan and Davim

[7] investigated the surface roughness of an Al–SiC com-

posite by turning the composite workpiece using a poly-

crystalline diamond (PCD) cutting tool. The results of the

artificial neural network (ANN) model employed by the

authors indicated a significant relationship between the

model output and the experimentally measured surface

roughness. The authors verified that using the ANN model

is a more effective method than analysis of variance

(ANOVA). Sahoo and Pradhan [8] studied the effect of
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cutting parameters on flank wear and surface roughness in

turning Al/SiCp MMCs using an uncoated tungsten carbide

insert under dry cutting conditions and Taguchi’s L9

orthogonal array. Built-up edge (BUE) formation was

observed at low and high cutting speeds and at high feed

rates; as a result, the surface quality decreased. Muñoz-

Escalona et al. [9] experimentally investigated the surface

milling of A17075-T7351 and modeled the experimental

results using ANNs. A significant correlation between chip

thickness and surface roughness was observed, and

experimental results have shown that cutting speed is the

most important machining parameter on surface quality.

Öktem et al. [10] optimized the cutting parameters in the

milling of Al7075-T6 for minimum surface roughness

using Taguchi’s method. The best surface quality value

was measured as 0.395 lm based on the optimization

results, and machining tolerance was the most significant

factor in the experiments. Kiliçkap et al. [11] studied the

turning of homogenized 5 % SiC-p Al-MMC using

uncoated and TiN-coated K10 cutting tools. They reported

that better surface quality was obtained at higher cutting

speeds and lower feed rates. Manna and Bhattacharyya [12]

investigated the influence of cutting conditions on surface

finish during the turning of Al/SiC-MMC using a fixed

rhombic cutting tool. The authors’ experimental results

showed that cutting speed, feed rate and depth of cut have a

more or less equal effect on surface roughness Ra, and that

depth of cut and feed rate are the most significant param-

eters affecting surface roughness height Rt. Davim and

Antonio [13] investigated the machining process involved

in the turning and drilling of Al matrix composites using a

PCD tool. The obtained results indicated that PCD tools are

perfectly compatible with machining parameters such as

cutting forces, machined surface roughness and cutting tool

wear. Vakondios et al. [14] performed 96 experiments to

investigate the influence of machining parameters on the

surface roughness in the milling of Al7075-T6 alloy and

evaluated the effects of the milling parameters on the

surface roughness using regression analysis and ANOVA.

Karthikeyan et al. [15] investigated tool surface properties

and chip formation during machining of Al–SiC particulate

composites using cemented carbide cutting tool inserts.

The results indicated that an increase in temperature during

machining caused built-up to the tool surface. Rao and

Shin [16] studied the cutting forces, chip morphology and

surface integrity in the face milling of Al7075-T6 alloy

with a single carbide and diamond inserts. The surface

roughness improved at cutting speed up to 1524 m/min,

and increasing the depth of cut was slightly decreased the

surface quality. Benardos and Vosniakos [17] developed an

ANN modeling approach for the prediction of surface

roughness on the basis of a Taguchi design of experiments

method. Vrabel et al. [18] developed an appropriate control

strategy with the help of ANNs to predict surface rough-

ness and tool wear. Azlan Mohd et al. [19] developed a

mathematical model to predict the parameters affecting

surface roughness during milling using ANN. The results

of their experiments indicated that the best surface rough-

ness value could be obtained using high cutting speed, low

feed rate and low radial chip angle. Marimuthu and

Chandrasekaran [20] used multilayered feed-forward

ANNs to predict surface roughness and tool wear during

the turning process for stainless steels. Zhang and Chen

[21] applied the Taguchi design method to optimize surface

quality during drilling operations using cutting parameters

of spindle speed, feed rate and tool type. Krajewski and

Jerzy [22] investigated the geometric structure of AlSi–SiC

composite foam surface using mechanical and thermal

cutting methods. They used the seven different machining

methods in the experimental study such as circular saw

cutting, waterjet cutting without abrasive and with abra-

sive, band saw cutting, laser cutting, EDM cutting and

plasma cutting. The authors were reported that the most

favorable cutting method that resulted in the lowest

roughness was circular saw cutting.

An analysis of the literature indicates that numerous

researchers have studied the machining of particulate

reinforced Al/SiC-MMCs and several researchers were

studied the mechanical and thermal properties of ceramic

foams [2–5], but the machinability of Al7075 alloy rein-

forced with open-pore ceramic foam composite has not

been that much studied. The present study, therefore, aims

to fabricate an Al7075-based open-cell SiC foam com-

posite (MMC) and investigate the surface roughness

behavior of Al7075/MMCs using an uncoated carbide

insert. For this purpose, three-dimensional open-cell SiC

foam which is complex and lightweight-material-rein-

forced MMCs were fabricated and studied under finish and

semifinish milling conditions. ANOVA was employed to

indicate the most significant cutting parameters based on

the Taguchi L27 experimental design method. Furthermore,

prediction models were developed using ANNs and

regression analysis. The developed models were validated

using experimentally derived surface roughness data

obtained during face milling of Al7075 and MMCs.

2 Experimental methods

2.1 Material

In this study, Al-based SiC composites were fabricated by

infiltrating Al7075 into a three-dimensional open-porous

SiC ceramic foam using the liquid metallurgy method. For

the fabrication of the Al-based MMC, Al7075 alloy, which

was obtained commercially, served as the matrix material,
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while open-pore ceramic foam material of dimensions

100 mm 9 50 mm 9 22 mm with a purity of 99 % and an

average pore size of 15 ppi was used as the reinforcement

material. The resulting composite was composed of

40 vol% SiC ceramic. Figure 1 shows a flowchart of the

production process, which employed an electric induction

furnace. Prior to production, an open steel mold was pre-

pared for the infiltration process. The open-cell SiC foam

was inserted in the steel mold and subjected to preheating

in the furnace at a temperature of approximately 800 �C.
The molten Al alloy at 800 �C was poured into the steel

mold. The molten mixture was inserted into the furnace to

facilitate the infiltration of the Al alloy into the SiC foam

and allowed to remain there for approximately 30 min at

800 �C. The steel die containing the molten mixture was

removed from the furnace and vibrated with small move-

ments to improve the infiltration of the Al7075 matrix

material. At the end of this process, the steel die was

allowed to cool to room temperature. T6 heat treatment

was applied to the specimens to increase the strength of the

resulting composite material. The optical microscopy

micrograph shown in Fig. 2 clearly illustrates the

microstructure of MMCs and the surface of the machined

Al7075 region and at the interface between the matrix

structure and the open-cell SiC foam (Table 1).

2.2 Milling experiments and surface roughness

measurement

The experimental milling process was carried out on a

Johnford VMC550 model three-axis CNC milling machine

tool under dry cutting conditions. The experimental setup

for the face milling tests is shown in Fig. 3. A standard

40-mm tool holder with a single cutting insert was used in

the experiments. A WK10 quality uncoated carbide insert

with a 0.8-mm tool nose radius was used for the experi-

ments. From the literature review, several researchers

advised the use of PCD cutting tools because of their

mechanical properties for the machining of MMCs; how-

ever, these cutting tools are relatively expensive. Carbide

and rhombic inserts have also provided a useful and eco-

nomic alternative machining solution compared with PCD

or CBN cutting tools [8, 16]. The surface roughness (Ra)

was measured using a Mahr Perthometer (cut of length

0.8 mm) without removing the workpiece. Each experi-

ment was conducted with a new tool. The surface rough-

ness mean value for each cutting condition was specified

by measuring four different regions in the center of the

machined workpiece along a length of 95 mm [12]. ISO

4287 standard was followed during the surface roughness

Fig. 1 Schematic diagram of the fabrication process of Al7075/SiC foam composite material

open cell 
SiC foam 

Al 7075 

Interface 

Fig. 2 Microstructure of SiC foam-reinforced composite

Table 1 Chemical composition of Al7075

Chemical composition (wt%)

Zn Mg Mn Fe Si Cu Al

4.69 2.37 0.68 0.69 0.31 0.05 Bal.
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measurement. Then, the average of these four values was

used to train the ANNs and regression analysis. The

experimental milling parameters chosen for this study—

machining speed, feed rate and axial depth of cut—were

selected from the tool supplier’s catalogue and ISO stan-

dard 8688-1. A group of preliminary tests were executed to

determine the optimal cutting parameters for surface

roughness in milling Al7075 and the reinforced open-cell

SiC foam composite. Then, pilot test results were exam-

ined, and the initial optimum cutting values were deter-

mined. The lower and upper cutting parameters were

therefore determined by multiplying the optimized feed

rate, machining speed and axial depth of cut by 30 %. The

determined milling parameters are listed in Table 2, and

their cutting limits, units, notations and specifications are

illustrated in Table 3.

3 Analysis of experimental results and discussion

3.1 Evaluation of surface roughness results

The milling methods and milling parameters have a con-

siderable effect on the surface quality in the face milling

operations. A workpiece surface can be machined by down

and up milling methods in face milling process. In the

down milling method, the rotation of the milling cutter is in

the same feed direction of the workpiece. In the present

experimental study, the down milling method was used and

investigated the effect of the milling parameters on the

surface quality. Measured experimental data were analyzed

and developed a prediction model using ANNs and

regression analysis based on the full-factorial design of the

experiment. The measured surface roughness values for the

27 experiments are listed in Table 8. The mean values of

the surface roughness in the milling of Al7075 and the

open-cell SiC foam-reinforced Al7075 composite are

illustrated the 3D response surface plots in Figs. 4 and 5,

respectively. Experimental results show that increasing

feed rate was increased Ra due to the high temperature in

Fig. 3 Experimental setup for surface roughness measurements

Table 2 Cutting variables used in the experiments

Parameters Values

Lead angles (�), Kr 90�
Machining speed (m/min), Vc 170, 220, 290

Feed rate (mm/tooth), fz 0.08, 0.1, 0.13

Axial depth of cut (mm), ap 0.8, 1, 1.3

Cutting width (mm), ae 24

Tool holder diameter (mm), Dc 40

Number of cutting edges, Zn 1

Cutting insert and quality Walter LNGX130708R-L88,

WK10

Workpiece dimension (mm) 95 9 50 9 21
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the machining area in the milling of both Al7075 and the

open-cell SiC foam-reinforced Al7075 composite [1].

From the experimental results, when the machining speed

is increased from 170 to 290 m/min, while the feed rate is

increased from 0.08 to 0.13 mm/tooth at a constant depth

of cut of 0.8 mm, the surface quality decreases by 36–45 %

in the milling of the Al7075 workpiece. Under equivalent

cutting conditions, Ra varied between 48 and 67 % for the

machined MMCs. The optimum surface roughness was

obtained at low feed rates, low machining speed and low

depths of cut for both specimen types. A remarkably small

surface roughness value was obtained in milling Al7075;

however, the surface roughness values dramatically

increased when machining the open-cell SiC foam-rein-

forced composite under equivalent cutting conditions, as

shown in Fig. 4 and given in Table 4.

During the milling of the MMCs, the machining of

three-dimensional SiC foam created small gaps and

microcracks in the machined surface, as shown in Fig. 6.

These small gaps created surface defects, resulting in an

increased surface roughness. This phenomenon is expected

to be the result of the alternate cutting of the hard three-

dimensional SiC foam and soft Al alloy matrix. As a result,

the cutting tool encountered sudden high-stress levels and

sudden stress relaxation because of the high stiffness of the

cutting insert. With an increasing feed rate, the cutting

temperature increased, which led to a weakening of the

binding between the SiC foam and alloy matrix. Conse-

quently, the cutting insert tended to break rather than cut

the SiC foam. Therefore, the open-cell SiC foam generated

small gaps and microcracks on the machined surface of the

workpiece when the cutting insert contacted the hard and

brittle SiC network.

The induced vibration and small gaps and microcracks

resulted in the poor surface quality of the machined surface

in the milling of MMCs. However, in comparison with the

literature, a better surface quality was obtained than tra-

ditional aluminum composites reinforced with SiC

Table 3 Control factors and

their levels for the Al7075 and

MMCs

Parameters Notation Unit Level 1 Level 2 Level 3

Machining speed Vc m/min 170 220 290

Feed rate fz mm/tooth 0.08 0.1 0.13

Axial depth of cut ap mm 0.8 1 1.3

Fig. 4 Effect of the machining speed and feed rate (a), machining speed and axial depth of cut (b) and feed rate and axial depth of cut (c) on
surface roughness in the milling of Al7075

Neural Comput & Applic (2017) 28:313–327 317
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particles due to the three-dimensional network structure of

the open-cell SiC foam. SiC particles in composites are

easily removed from the matrix structure and caused the

poor surface quality. On the contrary, the three-dimen-

sional open-cell SiC foam network reinforcement was

restricted the movement of the soft matrix and provided an

acceptable surface quality in the milling of MMCs [1, 7,

11, 13]. The scanning electron microscopy (SEM) micro-

graphs shown in Fig. 6 clearly illustrate the occurrence of

gaps and microcracks on the surface of the machined

Al7075 region and at the interface between the matrix

structure and the open-cell SiC foam. Energy-dispersive

spectroscopy (EDS) analysis results of the rectangular

regions marked on the SEM micrograph on the left are also

given in Fig. 6.

3.2 Analysis of chip formation

Figure 7 shows the chip forms obtained during milling of

the Al7075 (a) and MMCs (b) using the uncoated carbide

inserts at a feed rate of 0.1 mm/tooth, machining speed of

290 m/min and axial depth of cut of 1.3 mm. The Al7075

chips formed during milling exhibited a smooth and shiny

surface and were in a semicircular and parabolic

trapezoidal wave with a small radius and a saw-tooth form,

as shown in Fig. 7a. Figure 7b shows the chip shapes

formed during the milling of the MMCs. The composite

chips had large radii and were semicircular helical type and

saw-toothed. The SiC foam reinforcement in the Al matrix

diminished the ductility and converted the workpiece

material for generating saw-toothed and segmented-type

chips during milling. The chips of the composite specimen

were thinner than those of the Al7075. The composite chips

had a rougher surface than the Al7075 chips because of the

delamination of the SiC foam from the Al7075 matrix

during chip formation. During the milling operation, cracks

and some small pores formed on the outside surface of the

chip from the Al7075 matrix to the open-cell foam struc-

ture. These cracks on the chip surface grew and expanded

in a trapezoidal wave along the shear plane. As a result of

the shape of these cracks, chips are produced with a saw-

toothed form [12].

3.3 Analysis of the signal-to-noise ratio

The experiments comprised three cutting parameters and

three cutting levels based on the full-factorial design

implicated by 27 experimental trials for Al7075 and 27

Fig. 5 Effect of the machining speed and feed rate (a), machining speed and axial depth of cut (b) and feed rate and axial depth of cut (c) on
surface roughness in the milling of MMCs
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experimental trials for the open-cell SiC foam-reinforced

Al7075 composite. The Taguchi method uses a loss func-

tion to determine the deviation between the directly mea-

sured test values and the optimal machining values.

Additionally, these functions are transferred into the signal-

to-noise (S/N) ratio as the quality features [23]. There are

three S/N ratios in the analysis of the S/N ratio: the smaller

the better, the larger the better and the nominal the best.

For each level of the cutting variables, the S/N ratio is

calculated on the basis of the S/N analysis. The-smaller-

the-better characteristic (in dB) has been considered to

calculate the S/N ratio in this study to achieve minimum

response within the optimal cutting parameters. The effect

of each machining parameter on surface roughness was

evaluated with an S/N response table, and the optimal

machining parameters were obtained on the basis of the

higher S/N ratio in the levels of the control factor. The S/N

ratio for surface roughness has been determined consider-

ing the-lower-the-better characteristic (LB; in dB)

according to Eq. (1), where Ri is the obtained value of the

surface roughness for the ith test in the experiment and n is

the number of trials in the experimental work. Higher

values of S/N ratios are always preferred to minimize the

effect of the noise factors [24].

S=NLB ¼ �10 log10
1

n

Xn

i¼1

R2
i

 !
ð1Þ

The results of the experimental study and the mean S/N

ratios for surface roughness are listed in Table 4, and their

main effects are shown in Figs. 8 and 9. From the main

effect plots, response table for the S/N ratios in Table 5 and

response table for the mean in Table 6, the optimal milling

parametric constitutions for surface roughness for both

workpiece types are observed to be a machining speed of

170 m/min, a feed per tooth of 0.08 mm/tooth and an axial

depth of cut of 0.8 mm.

3.4 ANOVA

Analysis of variance was used to determine the statisti-

cally significant levels of the milling parameters on the

Table 4 Experimental results

and S/N ratio values
Cutting parameters Al7075 SiC foam-reinforced Al7075 composite

Exp. no. Vc fz ap Ra (lm) Ra (dB) Ra (lm) Ra (dB)

1 170 0.08 0.8 0.243 12.3058 1.544 -3.7729

2 170 0.08 1.0 0.247 12.1637 1.706 -4.6396

3 170 0.08 1.3 0.262 11.6423 1.954 -5.8163

4 170 0.10 0.8 0.286 10.8727 2.039 -6.1862

5 170 0.10 1.0 0.287 10.8575 2.177 -6.7572

6 170 0.10 1.3 0.302 10.4143 2.548 -8.1223

7 170 0.13 0.8 0.344 9.2751 2.591 -8.2685

8 170 0.13 1.0 0.356 8.9771 2.798 -8.9362

9 170 0.13 1.3 0.361 8.8619 3.030 -9.6274

10 220 0.08 0.8 0.242 12.3147 1.717 -4.6967

11 220 0.08 1.0 0.257 11.8013 1.863 -5.4054

12 220 0.08 1.3 0.270 11.3647 2.132 -6.5768

13 220 0.10 0.8 0.282 10.9950 2.124 -6.5441

14 220 0.10 1.0 0.294 10.6257 2.371 -7.4977

15 220 0.10 1.3 0.302 10.3927 2.602 -8.3053

16 220 0.13 0.8 0.352 9.0815 2.744 -8.7661

17 220 0.13 1.0 0.346 9.2185 2.927 -9.3285

18 220 0.13 1.3 0.365 8.7660 3.303 -10.3769

19 290 0.08 0.8 0.257 11.7929 1.971 -5.8948

20 290 0.08 1.0 0.259 11.7424 2.047 -6.2234

21 290 0.08 1.3 0.287 10.8348 2.318 -7.3032

22 290 0.10 0.8 0.308 10.2290 2.306 -7.2553

23 290 0.10 1.0 0.300 10.4503 2.570 -8.1970

24 290 0.10 1.3 0.316 10.0200 2.587 -8.2542

25 290 0.13 0.8 0.369 8.6595 2.931 -9.3388

26 290 0.13 1.0 0.361 8.8499 2.894 -9.2292

27 290 0.13 1.3 0.391 8.1565 3.396 -10.6200
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quality of surface roughness based on their P and F values

at 95 % confidence intervals. The F value column shows

the mean square of the residual error in a regression

model. P value column indicates the importance level and

must be smaller than 0.05. The ANOVA results were

analyzed on the S/N ratio to determine the effect level of

each of the factors. The importance coefficients of the

machining variables on the surface roughness and the

ANOVA outcomes are listed in Table 7. The effect rate

column indicates the significance of the cutting parameters

on the surface roughness. The ANOVA results indicate

that the feed rate, axial depth of cut and machining speed

affect the surface roughness by factors of 91.51, 3.93 and

3.26 % for Al7075 and 77.11, 13.7 and 6.86 % for the

MMCs, respectively. It is concluded that surface quality

was most significantly influenced by the feed rate with a

percentage contribution of 91.51 and 77.11 % in the

milling of both Al7075 and MMCs, respectively. Fur-

thermore, the significance of the machining speed and

axial depth of cut was increased, and the feed rate

Fig. 6 SEM micrographs and EDS spectra of the regions (marked in the micrograph on the left) of the machined MMCs

320 Neural Comput & Applic (2017) 28:313–327
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importance level was decreased from 91.51 to 77.11 % in

the milling of the MMCs compared with that of the

Al7075 under the same cutting conditions.

3.5 ANN modeling

Examination of the literature indicates that ANNs are a

statistical learning algorithm method and have been used

to find a solution in a wide variety of problems in many

areas of engineering applications including optimization,

prediction and automatic control [25]. In the present study,

ANNs were used for modeling the surface roughness in

the milling of Al7075 and MMCs. The object of the

present study was to train the ANNs with a minimum

number of experimental control factors and then compare

the results with those obtained from the Taguchi method

Fig. 7 Physical appearance of chips produced during milling of the Al7075-T6 and MMCs. a Al7075 and b Al7075 ? open-cell SiC foam

Fig. 8 Main effect plot of the milling parameters on the average ratio

for Ra in the milling of Al7075

Fig. 9 Main effect plot of the milling parameters on the average ratio

for Ra in the milling of MMCs

Table 5 Response table for the S/N ratios for Ra (the smaller the

better)

Level Al7075 Al7075 reinforced with SiC foam

Vc fz ap Vc fz ap

1 10.597 11.774 10.614 -6.903 -5.592 -6.747

2 10.507 10.540 10.521 -7.500 -7.458 -7.357

3 10.082 8.872 10.050 -8.035 -9.388 -8.334

Delta 0.515 2.902 0.564 1.132 3.796 1.587

Rank 3 1 2 3 1 2

Table 6 Response table for the means for Ra

Level Al7075 Al7075 reinforced with SiC foam

Vc fz ap Vc fz ap

1 0.2983 0.2582 0.2980 2.265 1.917 2.218

2 0.3011 0.2974 0.3007 2.420 2.369 2.372

3 0.3164 0.3603 0.3172 2.558 2.957 2.652

Delta 0.0181 0.1022 0.0191 0.293 1.040 0.434

Rank 3 1 2 3 1 2
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using equivalent experimental data for comparison of the

prediction performance. At the base of the Taguchi anal-

ysis, a multilayer ANN model with back-propagation

networks was used in a feed-forward, two-hidden-layer

network to determine the hidden relationships between the

machining speed (Vc), feed rate (fz) and axial depth of cut

(ap) on the surface roughness (Ra) in the milling of Al7075

and MMCs. The input parameters for the ANN structure

were the feed rate, machining speed and axial depth of cut,

and the desired output parameter was the surface rough-

ness value. The back-propagation network parameters

were initially chosen to random value and trained using 27

actual data for Al7075 and 27 actual data for MMCs

measured from experiments. The neural network was

accomplished in two steps as the ‘‘training step’’ and

‘‘propagation step.’’ During the training step, inputs values

and desired output were processed to optimize the net-

work’s output. During the propagation step, the ANN was

designed with four layers 3-6-5-1 including the input,

output and two hidden layers for the surface roughness in

order to predict the optimal output data. The network was

trained until 3000 repetitions and an elapsed time of

3000 s. The learning rate of the ANN structure was

0.999999, and the average deviation was found to be

0.0031 % in propagation step. The experimental data were

trained using the Pythia software, and the pattern sets must

be normalized in the range -1, 1 prior to processed by the

ANN, as in

MO ¼ Mi �Mmin

Mmax �Mmin

� �
ð2Þ

where Mi is the input parameter, MO is the output value,

Mmin and Mmax are the minimum and maximum possible

values, and that test values used for normalization in

Eq. (2) are given in Table 8. The estimation performance

of the ANN model is ensured by providing various error

analysis techniques. These techniques are the root-mean-

squared error (RMSE), indicating error during learning,

and the mean absolute percentage error (MAPE), express-

ing accuracy as a percentage, as defined by the following

formulas given in Eqs. (3) and (4), respectively.

RMS ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
t¼1 Rat � Rað Þ2

n

s

ð3Þ

MAPE ¼ 1

n

Xn

t¼1

Ra � Ratj j
Ra

ð4Þ

Here, Rat is the predicted value and Ra is the measured

experimental value.

The values obtained from the experiment were com-

pared with the results from the ANN modeling. The results

indicate no explicit error in the deviation rate. The weight

values in the neurons were subsequently imported into

Excel. As a result, a mathematical model was created using

these weight values, which predicted the surface roughness

value (Ra) on the basis of the given cutting parameters.

Each input value in the ANN structure is calculated by

multiplying the weight values connected by the weight

number of the neuron. The weighted input values are

supplemented linearly to obtain the output values. Conse-

quently, the output values N12, thus accomplished, were

used as input values for other neurons, as shown in Fig. 10

[17]. The following Eqs. (5) and (6) were acquired using

the weight values of the neurons in the ANN structure

obtained from the milling tests. These equations can be

used for estimating the Ra in the milling of Al7075 and the

Table 7 Results of ANOVA

for S/N ratios
Source DF SS MS F P Effect rate (%)

Ra7075

Vc 2 1.3619 0.6809 25.40 0.000 3.26

fz 2 38.1756 19.0878 711.93 0.000 91.51

ap 2 1.6430 0.8215 30.64 0.000 3.93

Residual error 20 0.5362 0.0268 1.28

Total 26 41.7167

RaSiC

Vc 2 5.774 2.8869 29.71 0.000 6.86

fz 2 64.844 32.4218 333.70 0.000 77.11

ap 2 11.528 5.7642 59.33 0.000 13.7

Residual error 20 1.943 0.0972 2.31

Total 26 84.089

Table 8 Limiting values of the ANN software

Inputs Minimum Maximum

Machining speed, Vc 170 290

Feed rate, fz 0.08 0.13

Axial depth of cut, ap 0.8 1.3
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open-cell SiC foam-reinforced composite using uncoated

carbide inserts.

Here, the transfer function used for this prediction model is

given by Eq. (7).

N ið Þ ¼
1

1þ e�4� Ei�0:5ð Þ ð7Þ

The Ei values in Eq. (7) were calculated using Eq. (8) for

neurons N1 to N6. Here, i represents the neuron numbers in

the equation. The neuron weights obtained from N1 to N6

are listed in Table 9.

Ei ¼ w1i � Vc þ w2i � fz þ w3i � ap ð8Þ

Similarly, the Ei values for neurons N7 to N11 were cal-

culated using Eq. (9). The neuron weights obtained from

N7 to N11 are listed in Table 10.

Ei ¼ w1i � N1 þ w2i � N2 þ w3i � N3 þ w4i � N4 þ w5i

� N5 þ w6i � N6 ð9Þ

4 Prediction performance of ANNs and regression
analysis

In the present study, the neural network consisted of four

input neurons connected to the milling parameters and

one output neuron connected to the surface roughness, as

shown in Fig. 10. The ANN and regression equations

have been tested and validated using the confirmation

test results. Confirmation tests were performed on the

intermediate random values of the control factors, and

graphs were plotted using the predicted and tested val-

ues. The average errors in the performance of the ANNs

when testing all training data for surface roughness are

0.37 and 0.04 % in the milling of Al7075 and the

MMCs, respectively. A statistical significant linear rela-

tionship was observed the measured experimental test

results and training test results for the surface roughness

using the ANNs and regression analysis as shown in

Fig. 11. The predictive equations obtained from the ANN

model of the surface roughness are given in Eqs. (5) and

(6). At the base of the Taguchi analysis, regression

analysis has also been used for predicting and analyzing

experimental data. The average errors in the performance

of regression analysis when examining all training data

for the surface roughness are 1.7 and 2.04 % in the

milling of Al7075 and the SiC foam composite, respec-

tively. The predictive equations obtained from the linear

regression model of the surface roughness are given in

Eqs. (10) and (11).

Ra ¼ 0:0175194þ 0:000155517� Vc þ 2:04773 � fz

þ 0:039598� ap ð10Þ

R� Sq ¼ 98:3 % R� Sq adjð Þ ¼ 98:07 %

Fig. 10 ANN structure in the

Levenberg–Marquardt

algorithm with 12 neurons

N12 Rað Þ ¼
1

1þ e�4 �2:15117�N7�1:086262�N8�0:889181�N9�1:120966�N10þ1:1662741�N11�0:5ð Þ ð5Þ

N12 RaSiCð Þ ¼
1

1þ e�4 �1:596942�N7þ1:92252�N8�1:785898�N9�1:868436�N10þ0:721974�N11�0:5ð Þ ð6Þ

Neural Comput & Applic (2017) 28:313–327 323

123



RaSiC ¼ �1:17221þ 0:0024085� Vc þ 20:7017� fz

þ 0:872317� ap ð11Þ

R� Sq ¼ 97:96 % R� Sq adjð Þ ¼ 97:69 %

A comparison between the confirmation test results and

the estimated values obtained from the ANN and regres-

sion models was conducted. The R2 values of the equations

obtained from the ANN model for Ra were calculated as

Table 9 Neuron weight values

used in Eq. (8)
i Constants for Ra Al7075 Constants for Ra Al7075 ? SiC foam

w1i w2i w3i w1i w2i w3i

1.1 -0.041630 -0.922442 -0.343011 0.783275 -1.255772 0.273602

1.2 0.023433 -0.224910 -0.154418 0.333843 -1.263550 1.567161

1.3 -0.411124 0.127645 0.861003 0.116213 1.447149 0.285960

1.4 -0.708657 1.429500 -0.061655 -0.405836 0.507240 -0.486319

1.5 1.333372 -0.611983 -0.015351 1.262553 -0.456340 -0.868187

1.6 0.306015 0.166547 -1.163441 -0.297680 -1.047252 1.056695

Table 10 Neuron weight

values used in Eq. (9)
i Constants for Ra Al7075

w1i w2i w3i w4i w5i

2.7 1.172243 1.486052 -0.494856 -1.026971 -0.390910 1.527146

2.8 0.859730 -0.761403 0.034420 -1.299563 0.697001 -1.489052

2.9 0.388817 0.434997 -0.336233 0.128883 -0.428242 -0.455301

2.10 -0.041973 -0.589007 -1.896400 0.824715 0.480488 -0.721901

2.11 -1.180295 -1.146403 -0.009261 0.604620 0.810986 0.753947

i Constants for Ra Al7075 ? SiC foam

w1i w2i w3i w4i w5i

2.7 0.320296 -0.339962 -0.884107 0.593594 -0.262502 0.309312

2.8 -2.203112 0.709820 0.484055 -0.293061 -0.154327 -1.974527

2.9 0.353778 0.046588 -1.169086 1.143115 -0.066954 0.049106

2.10 -0.948102 0.697914 -0.914016 0.659942 0.469986 -0.102741

2.11 -0.517379 1.246283 -0.441236 -0.040820 1.088938 0.269186
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98.4 and 99.76 % in the milling of Al7075 and the SiC

foam composite, respectively. The R2 values of the equa-

tions obtained from the regression model for Ra were cal-

culated as 97.3 and 91.07 % for the Al7075 and SiC foam

composite, respectively. The confirmation test results

indicate that the ANN model has been successfully applied

to the cutting parameters in the milling of Al7075 and the

SiC foam composite. Figure 12 shows a strong correlation

between the measured test data and the estimated values

obtained from the ANN and regression models for the

surface roughness. Estimated surface roughness values

based on ANNs and the regression analysis model are very

close to the experimental observations. As a result, the

ANN model is clearly shown to be successful for the

estimation of surface roughness in the milling of Al7075

and the SiC foam-reinforced composite.

A comparison of the RMSE and MAPE values between

the experimental values and predicted data using the ANN

and regression models is presented in Table 11. The pre-

diction columns in Table 11 show the predictive values

obtained from the mathematical models. From comparison

of the average error values for RMSE and MAPE, it is clear

that the ANN model provides an acceptable and mean-

ingful statistical data under all machining conditions and

indicates a better accuracy of the neural network to the

surface roughness. As seen from statistical values and

prediction plots, the surface roughness values are clearly

calculated within acceptable average error levels.

5 Conclusions

In this study, Al-based MMCs reinforced with open-cell

SiC foam were successfully fabricated using the liquid

metallurgy technique. The surface roughness,

microstructure of the machined workpiece and chip for-

mation were studied, and the influences of cutting

parameters in the milling of Al7075 and open-cell SiC

foam-reinforced composite using an uncoated carbide

insert on the surface roughness were evaluated. The

experimental setup was designed using the Taguchi L27

full-factorial orthogonal array, and the milling parameters

were optimized in order to achieve the best surface

roughness.

Mathematical models for the purpose of prediction

surface roughness were generated using ANN and regres-

sion analysis methods. Furthermore, the obtained results

from the experimental study were evaluated using

ANOVA. From the results of this experimental investiga-

tion, the following conclusions may be drawn:

• The feed rate was the most effective control factor with

a percentage contribution of 91.51 and 77.11 % influ-

encing surface roughness for both the Al7075 and the

open-cell SiC foam-reinforced composite, respectively.

A good surface quality for the Al7075 alloy was

obtained relative to the SiC foam composite under all

milling conditions.

Fig. 12 Comparison of prediction performance by the ANN and regression models

Table 11 Statistical values for

surface roughness
Workpiece RMSE for ANN RMSE for regression MAPE for ANN MAPE for regression

Training Prediction Training Prediction Training Prediction Training Prediction

Al7075 0.0028 0.0053 0.0057 0.0067 0.0077 0.0151 0.0155 0.0187

MMCs 0.01026 0.0248 0.0688 0.1654 0.0020 0.0094 0.0197 0.0457
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• The optimum milling levels of the control factors for

the best surface quality were specified from the

response table for S/N ratios. The optimal machining

combination for Ra was determined for both workpiece

types at a machining speed of 170 m/min, an axial

depth of cut of 0.8 mm and a feed per tooth of

0.08 mm/tooth.

• The machining speed demonstrated a minimal effect on

the surface roughness in the milling of the Al7075.

Similarly, in the milling of the SiC foam-reinforced

composite, the axial depth of cut and machining speed

affect the surface roughness with percentage contribu-

tions of 13.7 and 6.86 %, respectively.

• The employed ANN and regression models provided a

significant relationship between the predicted values

and measured test data of the surface roughness.

• The R2 values of the equations obtained from the ANN

model for Ra were calculated as 98.4 and 99.76 % in

the milling of Al7075 and the SiC foam composite,

respectively.

• The R2 values of the equations obtained from the

regression model for Ra were calculated as 97.3 and

91.07 % for the Al7075 and SiC foam composite,

respectively.

• The uncoated carbide inserts demonstrated good per-

formance in the milling of the Al7075 in terms of

surface quality. In the milling of the SiC foam

composite, an acceptable and better surface quality

was observed compared with that traditional particulate

reinforced Al/SiC-MMCs in the literature. The exper-

imental result showed that the three-dimensional open-

cell SiC foam network reinforcement was restricted the

movement of the soft matrix and provided an accept-

able surface quality in the milling of MMCs.

The newly fabricated open-cell SiC foam-reinforced

metal matrix composite, research results and developed

mathematical models are expected to provide useful

guidelines for automotive and aerospace applications in the

face milling of MMCs.

Acknowledgments The author wish to thank the Hacettepe

University Scientific Research Projects Coordination Unit for the

financial support provided to this work through the Scientific

Research Projects Grant funding number 1743.

Compliance with ethical standards

Conflict of interest There is no potential conflict of interest.

Human and animal rights statement Human participants and/or

animals were not used in the research.

Informed consent Informed consent is shown in acknowledgement

section.

References

1. Bhushan RK, Kumar S, Das S (2010) Effect of machining

parameters on surface roughness and tool wear for 7075 Al alloy

SiC composite. Int J Adv Manufact Technol 50:459–469

2. Zhu X, Jiang D, Tan S (2015) Reaction bonding of open cell SiC–

Al2O3 composites. Mater Res Bull 36:2003–2015

3. Mollicone J, Ansart F, Lenormand P, Duployer B, Tenailleau C,

Vicente J (2014) Characterization and functionalization by sol-

gel route of SiC foams. J Eur Ceram Soc 34:3479–3487

4. Liu Y, Edouard D, Nguyen LD, Begin D, Nguyen P, Pham C,

Pham-Huu C (2013) High performance structured platelet milli-

reactor filled with supported cobalt open cell SiC foam catalyst

for the Fischer–Tropsch synthesis. Chem Eng J 222:265–273

5. Montanaro L, Jorand OY, Fantozzib G, Negroa A (1998) Ceramic

foams by powder processing. J Eur Ceram Soc 18:1339–1350

6. Zhao LZ, Zhao MJ, Yan H, Cao XC, Zhang JS (2009)

Mechanical behavior of SiC foam-SiC particles/Al hybrid com-

posites. Trans Nonferrous Metals Soc China 19:547–551

7. Muthukrishnan N, Davim JP (2009) Optimization of machining

parameters of Al/SiC-MMC with ANOVA and ANN analysis.

J Mater Process Technol 209:225–232

8. Sahoo AK, Pradhan S (2013) Modeling and optimization of Al/

SiCp MMC machining using Taguchi approach. Measurement

46:3064–3307
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