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The Artificial Neural Network (ANN) and numerical methods are used widely for modeling and
predict the performance of manufacturing technologies. In this paper, the influence of milling
parameters (spindle speed (rpm), feed rate (mm/min) and tool diameter (mm)) on material re-
moval rate were studied based on Taguchi design of experiments method using (L1s) orthogonal
array with 3 factor and 4 levels and Neural Network technique with two hidden layers and neu-
rons. The experimental data were tested with analysis of variance and artificial neural network
model has been proposed to predict the responses. Analysis of variance result shows that tool
diameters were the most significant factors that effect on material removal rate. The predicted
results show a good agreement between experimental and predicted values with mean squared
error equal to (0.000001), (0.00003025), (0.002601) and (0.006889) respectively, which pro-
duce flexibility to the manufacturing industries to select the best setting based on applications.

© 2014 Published by Anbar University Press. All rights reserved.

1. Introduction

Identification the optimum machining conditions
is considers as a continual engineering task whose
aims to minimize the costs of production and achiev-
ing the required quality of product. In milling pro-
cess, Material Removal Rate MRR is one of the most
significant performance measures. For an efficient
milling process the higher (MRR) is required which is
considered as the factor that influences directly the
hour rate of machining and the cost of production. [1-
3]

Due to this, the optimization of cutting parame-
ters becomes very important. Recently, researchers
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attempt to optimize the conditions of machining uti-
lizing different approaches such as Genetic Algorithm
(GA), artificial neural network, simulated annealing,
gray relational analysis...etc.

Milo$ ]. Madi¢ et al. 2011 developed Taguchi opti-
mized ANN model and presented high accuracy of
prediction. Experiments and analyses have been
shown that Artificial Neural Network (ANN) archi-
tectural and training parameters can be optimally
calculated in a systematic way, thus to avoid the pro-
cedure of error and long trials [4]. Reddy Sreeni-
vasulu 2013 presented the effect of depth of cut (d),
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feed rate (f) and cutting speed (N) on surface rough-
ness and damage of delamination on (GFRP) compo-
site material through the process of end milling.
Taguchi approach is used to examine the character-
istics of machining for GFRP. From ANOVA results,
the most important factors influencing the responses
are the depth of cut and cutting speed. ANN has been
utilized to make a comparison between experimental
results with predicted results, which demonstrate
good agreement between the experimental measure-
ments and the predictive model results [5].

Sener Karabulut 2015 studied the effect of effect
of milling parameters on surface roughness and cut-
ting force of AA7039/Al1203 metal matrix compo-
sites. Taguchi was used to conduct the milling tests
and the effects of the cutting parameters on the force
of cutting and surface roughness were calculated by
utilizing ANOVA. Regression analysis and ANN have
been applied for predicting of the force of cutting and
surface roughness. From the output results, ANN
shows predicting for the force of cutting and surface
roughness with a Mean Squared Error (MSE) equiva-
lent to (6.66%) and (2.25%) respectively [6].

Amber Batwara and Prateek Verma 2016 estab-
lished a new process model for predicting the MRR
and surface roughness in various practical applica-
tions. Model equations for response MRR and surface
roughness was predicted accurately by ANN ap-
proach and Minitab software which produce good
prediction equal to (90) % for responses and can be
utilized by any cutting according to machining pro-
cess manufacture [7].

Nabeel H. Alharthi et al. 2017 used regression
analysis and artificial neural network ANN for pre-
dicting surface roughness. Five models of neural net-
work were developed and Regression analysis used
to build a mathematical model which is represent the
surface roughness as a function of the process pa-
rameters. The coefficient of determination is 94.93%
and 93.63% for the best neural network model and
regression analysis respectively [8].

2. Experimental Work

A. Selection of Material

The workpiece material used for present work
was alloy of mild steel. Mild steel is considered as one
of the extreme flexible and versatile material and its
used in many industries because of its good mechan-
ical strength and low cost. Generally, mild steel has
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low elasticity. However, it is easy to form when ma-
chining. The dimension of each work piece is (100
mm, 100 mm, 20 mm) as illustrated in Fig 1. Table 1
illustrate the chemical composition of the used alloy.

Table 1. Chemical Composition of mild steel alloy

Sample Workpiece material
C% 0.16
Mn% 0.786
P% 0.0107
Si% 0.19
Mo% 0.002
S% 0.0114
Cu% 0.0187
Cr% 0.0346
Al% 0.0351
Ni% 0.0069
Fe% Bal.

Figure 1. Work piece Samples of Mild Steel Alloy

B. Selection Parameters and Their Levels

The CNC machines play a major role in modern
machining industry to increase productivity within
lesser time. In this study, the experiments have been
carried out on CNC milling machine (CNC ACCUWAY
UM-85) as shown in Fig 2. to perform (8mm) cylin-
drical pocket on mild steel work piece under the cut-
ting conditions by High speed steel, four flutes mill-
ing cutter. Control parameters are the parameters
that influence the material removal rate of machined
surface and include, depth of cut (mm), feed rate
(mm/min) and spindle speed (rpm). Three cutting



parameters are taken into consideration and each pa- 3.Experimental Design and Optimization
rameter is specified at four levels. Table 2. shows pa-
rameters values and the levels used for experiments.
[9,10].

A. Taguchi Approach and Experimental De-
sign method

Design of Experiments using Taguchi method
produces an efficient, simple and systematic ap-
proach for determining the optimum conditions of
machining in the manufacturing process [13]. In this
work, the tool diameter (d), feed-rate (f) and spindle
speed (N) were considered for determining the effect
of machining parameters on the material removal
rate. A unique design was proposed by Taguchi for an
orthogonal array (OA) to check all the parameters
with a little number of trails for experiments to min-
imize the experimental process. Lis orthogonal array
is selected in this study and the experiments gener-
ated with help MINITAB 18 statistical package. Signal
to Noise (S/N) ratio was used through Taguchi
method to measure the characteristic of performance
which deviate from the required values. (S/N) ratio
has been calculated according to Taguchi’s (larger-
the-better) approach which aims to maximize the
material removal rate by based on the equation (2)
[6]. Table 3. shows Taguchi orthogonal L1s Array and

Figure 2. (CNC ACCUWAY UM-85) milling machine

Table 2. Process Parameters and Levels

Sr. Levels Experimental Results. Fig.3 shows the main effect
No. Process Parameter X X .
1 2 3 4 plot of signal to noise ratio.
1 Spindle Speed (rpm) 910 930 960 1000
2 Feed Rate (mm/min) 93 95 98 102 Larger - The - Better:
3 Tool Diameter (mm) 8 10 12 14 S/N = —101log((X1/yi2)/n) (2)
Where:
C. Calculation of Material Removal Rate n: the number of measurements.
(MRR) . _—
MRR for the workpiece material can be expressed yi: the value of the measured characteristics.

as the volume of material has been removed per unit

time and is expressed in mm3/sec. MRR is directly
Table 3. Taguchi orthogonal Li¢ Array and Experimental Results

proportional to the production rate. Higher the MRR

Spindle MRR

value, higher the productivity and vice versa [1,3,11]. SN speed Feed-rate  ToolDiam- (o ~ S/NRatio
MRR has been calculated using the equation (1) for (rpm) ~ (mm/min) ter (mm) ) L)
each run: [12] 1 910 93 8 a9,¥ 4,47 ¥
— 2 910 95 10 YY1,V £Y,.000
MRR = wdf mm3/sec (1 3 910 o8 12 Yok £r.19
4 910 102 14 190.4 £0,047Y
Where: ’
. 5 930 93 10 \YE, . £V,ATAL
w: cut width (mm) 6 930 95 8 oy €YY
d: cut depth (mm) 7 930 96 14 VAT, £0,Y¢4Y
f: feed rate (mm/min) 8 930 102 12 VY £8,v088
9 960 93 12 VEAA £7,607
10 960 95 14 WYY £5,aveY
11 960 98 8 1-1,0 £ YAYY
12 960 102 10 W, £,V A
13 1000 93 14 Wr,a £4,V2) -
14 1000 95 12 10, - £7,1114
15 1000 98 10 Y £Y,¥Y00
16 1000 102 8 VAN £,V
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Mean of SN ratios

Main Effects Plot for SN ratios
Data Means

Spindk Speed (rev/min) Feed Rate (mm/min) Tool Diameter (mm)

43 ./

910 930 960 1000 9B 95 98 102 8 10 12 14

Signal-to-noise: Larger is better

Figure3. Main Effect Plot of Signal to Noise Ratio

B. Analysis of Variance (ANOVA)

Analysis of Variance (ANOVA) was used to per-
form the statistical significance of the milling param-
eters to study the interactions and contribution of
the factors. Table 4. present the (ANOVA) results for
(MRR).

Generally, (ANOVA) table include the degree of
freedom (DOF) corresponding to the factors, mean
square (MS), sum of square (SS), F-ratio and percent-
age contribution [10,14]. In the present work, the
most important cutting parameter is predicted to be
the tool diameter with a confidence level equivalent
to (95)% and with (97.0114)% contribution. The
feed rate and spindle speed contributes 2.8705 %
and 0.07903 % to the material removal rate during
the milling process.

Table4. ANOVA Results of MRR

Source DF  AdjSS  AdjMs v:l'ue V:l;le % C‘t’i':’t:b“'
Spindle
Speed 3 109 3.63 3.97 0.071 0.07903
(rev/min)
Feed Rate
(mm /min) 3 395.9 131.97 144.36 0.000 2.8705
Tool
Diameter 3 13380.0 4459.99 4878.75 0.000 97.0114
(mm)
Error 6 5.5 091 0.0398
Total 15 13792.2 100

C. Development of ANN Modelling
The Artificial Neural Network has a significant ef-
fect to predict linear and nonlinear problems in vari-
ous areas of engineering. In this paper, Neural net-
work (NN) model consist of three input neurons and
one output corresponding to (tool diameter (d),
feed-rate (f), spindle speed (N)) and material re-
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moval rate MRR respectively. The number of the hid-
den layer and the number of neurons equal to (2) and
(2)respectively. Hebbian learning rule was used to
perform the training. Fig 4. shows the graphical rep-
resentation of the proposed network. Table 5 illus-
trates the typical observation of the output response.
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Figure4. Graphical Representation of the Proposd Network

Table5. Observation the Response of the Output

Configuration of Network 3-2-1

Type of transfer function Logsig (purelin)

Epoches number 1000
Factor of learning rate (a) 0.1
Hidden neuron size 2
Hidden layer size 2
Number of trails for training 14
Number of trails for testing 2

4. Results and Discussion

The training data has been used to test the Artifi-
cial Neural Network (ANN) model. The predicted re-
sults indicate that Artificial Neural Network (ANN)
model has been applied successfully for the machin-
ing parameters of milling mild steel alloy. Table 6
shows the validation for the material removal rate
values using ANN.

Itis clear that the error between the experimental
MRR values and predicted MRR values is found that
maximum of (0.17) and minimum of (-0.17) as shown
in Fig5. This percentage result of error is acceptable



and indicates that the model of (ANN) has been satis-
factory predicted for material removal rate.

Table 6. Validation Results Obtained for Material Removal Rate
Using ANN

MRR in
MRR in Experi- . MeanSquare
No. E
° mental Value Predicted rror Error
(mm3/sec) Value
(mm3/sec)
1 99.2 99.218 -0.018
2 126.7 126.678 0.022
3 156.8 156.815 -0.015 0.000001
4 190.4 190.391 0.009
5 124 124.019 -0.019
6 101.3 101.280 0.020
7 182.9 182.908 -0.008 0.00003025
8 163.2 163.204 -0.004
9 148.8 148.781 0.019
10 177.3 177.308 -0.008
11 104.5 104.670 -0.17 0.002601
12 136 135.943 0.057
13 173.6 173.430 0.17
14 152 152.002 -0.002
15 130.7 130.699 0.001 0.006889
16 108.8 108.803 -0.003
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Figure5. Relationship between error and number of experi-

ment

5. Conclusion

In this Experimental study the milling experi-
ments were implemented on CNC milling machine
using high speed steel cutting insert under different
cutting conditions for several groups of tool diameter
(mm), feed rate (mm/min) and spindle speed (rpm).
The milling test were performed based on Taguchi
(L16) orthogonal array. Both signal to noise ration
and ANOVA analysis were used to determine the op-
timal cutting parameters for material removal rate.
The ANOVA results shows that the most effective fac-
tor for material removal rate was tool diameter with
percentage contribution of (97.0114%), then the
feed rate effected by (2.8705%) and the spindle
speed has not effected on material removal rate. The
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experimental data has been learned using ANN. Neu-
ral Network has been trained by using (14) patterns.
The neural network model shows closed results
matching between the actual calculated material re-
moval rate and the predicted output model as shown
in figure (6). Where, it can be notice form the results
that the total difference between experimental and
predicted value less than 0.2% (0.0002), these exper-
imental results showed that ANN can be used suc-
cessfully for prediction of MRR in the milling of low
carbon steel alloy, because it giving higher accuracy
and consumes less time.
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