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Abstract

The objective of this work is to highlight the modelling capabilities of artificial intelligence techniques for predicting the
machining force during endmilling of GFRP composites. The present scenario demands such types of models to investigate
the influence of the milling parameters on the thrust force during milling operation. In order to predict the performance of
the input parameters (feed rate, speed, fibre orientation and depth of cut) and their interactions, detailed experiments were
conducted based on the Response Surface Methodology (RSM) and the influences on the thrust force was assessed. The
results indicated that the feed rate is the cutting parameter which has greater influence on Machining force for GFRP
composite materials, followed by the cutting speed. The developed second order response surface model was validated using
confirmation test and the error was found to be within £0.3%. A Back Propagation (BP) model in Artificial Neural Networks
(ANN) was developed. The developed ANN model was compared with the RSM models for the prediction of machining force

of milled GFRP composites.
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1. Introduction
One of the most crucial machining operations in the
production of FRP parts is milling. However, milling of FRPs
is done at a much smaller scale than milling of metals, which
is characterised by high material removal rates. This is
because FRP components are often manufactured close to net
shape, and any further milling is mostly used for deburring,
trimming, and obtaining contour shape precision.l Glass
Fibre Reinforced Plastics (GFRP) composite is considered to
be an economic alternative to various heavy exotic materials.
It is widely used in a variety of applications from aircraft to
machine tools due to their light weight, high modulus, specific
strength and high fracture toughness.@ The machining of
composite is different from the conventional machining of
metal due to the composite’s anisotropic and non-
homogeneous nature.?!

Machining force is a property that can affect dimensional
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accuracy, mechanical item performance, and production costs.
Due to these factors, research and development have been
conducted with the aim of optimising cutting conditions in
order to produce a predetermined machining force.¥! For
achieving the desired machining force, it is necessary to
understand the mechanisms of the material removal, and the
kinetics of machining processes affecting the performance of
the cutting tool.’I When GFRP composites are machined, it is
clearly seen that the fibres are cut across and along their lay
direction, leaving deformed projections and partially disclosed
fibres on the machined surface.l®! Few other experiments were
conducted to evaluate the cutting parameters (cutting velocity
and feed rate) related to machining force, delamination factor,
surface roughness and international dimensional precision in
two GFRP composite materials (Viapal VUP 9731 and
ATLAC 382-05). Experiments were conducted using design
of experiments (full factorial design) to assess the influence of
machining parameters on the turning of GFRP composites.["8l
They concludedthat feed rate is the factor, which has greater
influence on machining force, followed by cutting speed.
Studies have been done to view how the fibre orientation
influence both the quality of the machined surfaces and tool
wear.[!  The machinability of composite materials is
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influenced by the type of fibre embedded in the composites,
and more particularly by the mechanical properties. On the
other hand, the selection of cutting parameters and the cutting
tool are dependent on the type of fibre used in the composites
and which is very important in the machining process. In order
to know surface quality and dimensional properties, it is

necessary to employ theoretical models for prediction purpose.

For prediction, the response surface method (RSM) is
practical, economical and relatively easy for use.l'” A
mathematical and statistical strategy for modelling and
analysing situations with the aim of optimising the replies is
called response surface methodology. It is a method for
constructing and improving empirical models through
sequential experimentation. It is possible to create a model of
the response to a few independent input variables by running
trials and using regression analysis. A point that is close to the
ideal can be determined using the response model. Input
control relationships that affect responses can be identified
and represented by RSM as a two- or three-dimensional hyper
surface. The instance where there is only one interesting
response has received the majority of attention in RSM. In this
case, surface roughness of optimum conditions on the input
variables would require simultaneous consideration of all the
responses. This is called a multi response problem.*4 To date,
several approaches have been proposed for Multi Response
Optimization (MRO) including the desirability function
approach and loss function approach.> A number of
investigations using RSM are carried out to determine the
significant factors affecting the response.l171 Recently there
has been a lot of interest to develop models for
investigating the influence of machining parameters
(cutting speed, tool geometry, etc.) on response parameters
(cost, roughness, time etc.) using artificial intelligence
techniques.['8211 The effect of cutting parameters on cutting
temperature, vibration (g), surface roughness (Ra), and noise
(N) in the turning of AISI P20 die steel using coated tungsten
carbide cutting tools is investigated. Experiments were carried
out using the Taguchi L18 experimental design with cutting
tools with two different types of coatings (CVD and PVD),
three different cutting speeds (100,150 and 200m/min), three
different feed rates (0.1, 0.15 and 0.2 mm/rev), and a constant
cutting depth (1mm).=22 The effects of machining parameters
on the experimental and statistical results using the electric
discharge method in the machining of AISI D2 cold work tool
steel. The design of the experiment was established using the
Taguchi L18 method. The effect of the experiment parameters
on the performance characteristics was analyzed by analysis
of variance (ANOVA).=2 Turning tests for AA 6061 alloy
with uncoated and PVD-TiB2 coated cutting inserts have been
conducted on a CNC turning under dry cutting conditions
based on Taguchi L18 (21 x 33) array. Kistler 9257A type
dynamometer and equipment have been used in measuring the
main cutting force (Fc) in turning experiments. Analysis of
Variance (ANOVA) has been applied to define the effect
levels of the turning parameters on Fc and Ra. The results
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indicated that the best performance in terms of Fc and Ra was
obtained at an uncoated insert, cutting speed of 350 m/min,
feed rate of 0.1 mm/rev, and depth of cut of 1 mm. Moreover,
the feed rate is the most influential parameter on Ra and Fc,
with 64.28% and 54.9%, respectively. The developed
mathematical models for cutting force (Fc) and surface
roughness (Ra) present reliable results with coefficients of
determination (R2) of 96.04% and 92.15%, respectively.?4 In
the present work, a mathematical model has been developed
to predict the machining force on GFRP materials using
response surface method. The “Design Expert 12.0” software
is used for regression and graphical analysis of the data
collected. The study of effect of cutting parameters on the
machining force is done by analyzing the response surface
contour plots. Analysis of Variance (ANOVA) is used to
check the validity of the model and for finding the significant
parameters. Back Propagation (BP) based Artificial Neural
Networks (ANN) model was developed to study the
Machinability of GFRP composite during endmilling. The
developed ANN model was compared with the RSM models
for the prediction of machining force of milled GFRP
composites.

2. Material, process parameters and measurements

Seven Mill Glass fibre-cloth and epoxy (LY 556) along with
hardener (HY 951) were used toprepare the GFRP laminates
by Hand lay-up method as shown in Fig. 1. The wide range of
properties and its light weight has made GFRP and major asset
in Manufacturing. Few of those properties are listed in Table
1. GFRP Laminates are of 300 <300 =<3 mm thick with the
12 lay-upand 0/90<fibre orientation was used for the
milling operation which is similar to that as shown in Fig.
1.

A Machining Direction !

» X
Fig. 1 Notation of the fibre orientation with respect to cutting
tool movement.[?"]

The cutting tool is made up of solid carbide coated with
polycrystalline diamond (PCD) of 3mm diameter as shown in
Fig. 2.

Using the CNC milling machine, the experiments are
carried out based on the Taguchi L9 (34) orthogonal array. To
forecast the impact of each component on the response, Box-
Behnken design was used to plan the tests for each parameter.
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Table 1. Material properties for the GFRP plates.
Sample No. Fibre Orientation, Tensile strength, Tensile modulus, Shear strength,

(deg) (MPa) (GPa) (MPa)
1 15 153 8.164 7.513
2 30 112 12.100 8.127
3 60 109 12.475 11.054
4 90 229 14.412 12.27
5 120 133 11.569 11.014

Each factor had 2 <of freedom. Hence, six was the summation
of total degrees of freedom of each factor. The CNC milling
machine is automated machinery, and its specifications are
given in Table 2.

—

45 degree helix angle

machining process. The increase in feed rate increases the
chatter and it produces incomplete machining at a faster
traverse, which led to higher surface Machining force and
hence low limit of feed rates are advisable in machining GFRP
composites. In the present study, the feed rate is selected
between 0.04 and 0.12 mm/rev.l* The identified parameters
and its lower and upper limits are given in Table 3.

Table 3. Process control parameters and their limits.

Levels
Process parameters Units  Notation Variable -1 0 1
Feed rate mm/rev f A 0.04 0.08 0.12
Cutting speed m/min v B 50 75 100
Depth of cut mm d C 0.05 0.5 0.25

Fig. 2 Solid carbide“end iI with different helix angles.
Table 2. Specification of the CNC milling machine.

Type of machine Vertical machine centre

Make Hass-Us(Brand New)
Specification Hass No. 3 Machine
Power 25 KW

Maximum speed 12,000 RPM

X axis 1016 mm

Y axis 520 mm

Z axis 508 mm

Table width 520 x 1200

The fixation of the composite material is as shown in Fig.
3, to make sure that vibrations and displacement are
eliminated. Machining force on the work piece is an important
attribute of quality in any machining operation. During
machining, many factors like feed, speed, depth of cut affect
the machining force.

A detailed analysis has been carried out to set the lower
and upper limits of the machining factors. The study identifies
the maximum and lower bounds of the components. Previous
research suggested that when cutting speed increases, so does
the machining force. However, it was discovered that very
high cutting speeds resulted in a significant amount of glass
fibre deformation and surface roughness, so the cutting speed
was restricted to between 50 and 100 m/min. Compared to
cutting speed and feed rate, the depth of cut has a much smaller
impact on the composite machining process, although it still
has a sizable impact.l'®¥ The cut depth is regulated at 0.05 to
0.25 mm. Feed rate is the main parameter, which affect the
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3. Measurements

The output response considered in this study is machining
force (Fm). The measurement and calculation of response
based on the input parameters are described below.

3.1 Machining force
Force measurement in manufacturing, especially
machining, is very important. This is because:
Force measurement can be used for monitoring the tool
conditions, and avoiding breakage during the machining
process. It helps us understand machining process,because
cutting force is one of the most sensitive indicators of
machining performance. Both the static and dynamic
components of the cutting force contain information
concerning the state of chipformation and the cutting tool.
Force measurement enables engineer to optimize
manufacturing process and design proper machining tool.
The force measurement was carried out using a Kistler
dynamometer. The data acquisition was carried out by
appropriate software called Dynawarekistler. The value of
machining force in the work piece is determined using the Eq.
D).

in

Fn = V(E*+E*+E?%) (1)

3.2 Response surface methodology and experimental
design

Response Surface Methodology (RSM) is a collection of
mathematical and statistical techniques that are useful for
modelling and analysing of problems in which an output or
response influenced by several variables and the goal is to find
the correlation between the response and the variables. The
steps involved in RSM technique are as follows: (i) designing
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a set of experiments for adequate and reliable measurement of Table 4. The layout of Box-Behnken composite design with
the true mean response of interest, (ii) determination of results.

mathematical model with best fits, (iii) finding the optimum  SI.No  Coded variables  Uncoded variables Machining
set of experimental factors that produces maximum or force N

minimum value of response, and (iv) representing the direct  Run A B C f v d Fm
and interactive effects of process variables on the best 1 0 0 0 008 75 015 17.628
parameters through two dimensional and three-dimensional 2 0 0 0 008 75 015 17.628
graphs. If all variables are assumed to be measurable, the 1 0 -1 004 75 005 17127
response surface can be expressed as follows Eq. (2): 4 1 0 -0 012 75 005 17811
y =1 (1 X2....X0 @ 1 1 0 012 50 015 18001
The goal is to optimize the response variable y. It is assumed i ' ‘ '
that the independent variables are continuous and controllable & c 0 0 008 75 015 17628
by experiments with negligible errors. It is required to finda 7 0 0 0 008 75 015 17.628
suitable approximation for the true functional relationship 8 0o 0 1 008 75 015 17.628
between independent variables and tr_\e response surface. ¢ 0 1 0 008 100 025 17.798
USl;aIIy a sehco(?dl-order model (Eq. (3)) is utilized in response 4, 0 0 o0 008 75 015 17628
surface methodo ogy. . R 11 1 1 0 012 100 015 18218
Y = Bo+ Xic1 Bixi + Xizq Buxi® + Xizq Bijxix; + & (3)
. . . . 12 101 0 0.04 100 0.15 17.208
where ¢ is a random error, B is the coefficients, which should
be determined in the second- order model, are obtained by the 13 10 1 004 75 025 17418
least square method. Owing to slightly wider ranges of the 14 10 1 01z 75 025 17.948
factors, it was decided to use a three-level face- centered 15 o -1 1 008 50 025 18.676
central composite design to optimize the experimental 16 0 -1 -1 008 50 0.05 17.541
conditions.  Face-centered central composite_ c_jesigns (_)f 17 0 0 0 008 75 015 17.628
s;;ﬁ:i ord(:rbr}:_ivhe tt;]een fottj]nd t(:_ beI theI rpost e]tfltﬁlent toolin ;¢ 0 1 008 100 005 17541
establi e mathematical relation respon
0 . S . on of the e_po s€ 19 0 0 0 0.08 75 0.15 17.628
surface using the smallest possible number of experiments
without losing its accuracy. In the present case, the size of the 20 1 1 0 0.04 50 015 17.208
experiment is 20 for three machining parameters shown in o . .
Table 4 To simplify the calculation the natural values of input
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parameters are converted into coded values. The coded
numbers for the variables used in tables are obtained from the
following transformation Eqg. (4):

Xi = [2X—Xmax+Xmin]
1= Xmax—Xmin

e, “)

where, Xmax is the upper level of the parameter, Xmin is the
lower level of the parameter and Xj is the required coded
values of the parameter of any value of X from Xmin to Xmax.

4. Results and discussions

One of the most important limitations for the choice of
machines and cutting parameters in process planning is
machining force. For a specific machine tool and work piece
setup, the cutting parameters such as feed rate, cutting speed,
depth of cut, etc., have the greatest influence on the study of
machining force characteristics of GFRP composites. The fit
summary recommended that the quadratic model is
statistically significant for analysis of Machining force. The
result of the quadratic model for Machining force in the form
of ANOVA is given in the Table 4.

The value of R? and adjusted R? for Machining force are
96.66% and 93.65% respectively. This means that regression
model provides an excellent explanation of the relationship
between the independent factors and the responses. The
associated p value for the model is lower than 0.001 which
shows that the model is considered to be statistically
significant. Further, factors Feed (A), Speed (B), Depth of cut
(C) have significant effects on machining force. The result
shows that the feed rate is more significant parameter for the
machining force, when compared with the cutting seed, and
depth of cut because of higher F value. The other model terms
are said to be insignificant. It is claimed that the other model
terms are unimportant. The lack of fit was found to be very
less than F0.01 (9, 10) in the present research study and, hence
the developed model may be accepted. Final equations from
RSM in terms of coded factors and in terms of actual factors
are shown in Eq. (5) and Eq. (6) respectively.

Final Equation in Terms of Coded Factors:
(Machining Force)=+4.15+1.04 * A-1.844E-003 * B+
0.23 * C+6.374E-003 * A *1.18 * A* C+
1.448E-003 * B * C-1.36 * A2+8.780E-006 * B2-0.42 * C2
©)
Final Equation in Terms of Actual Factors:
\/(Machining Force) =+4.14705+1.03916 * Feed-1.84425E-
003 * Speed+0.23366 * Depth ofcut+6.37409E-003 * Feed *
Speed-1.17561 * Feed * Depth of cut+1.44841E-003 *Speed
* Depth of cut-1.36178 * Feed2+8.77975E-006 * Speed?2-
0.41969 * Depth of cut2 (6)
The experimental values are analyzed using Response Surface
analysis and the following relation has been established for
Machining force of GFRP composites. Fig. 4 shows the
correlation between the predicted and experimental values for
Machining force of GFRP composites.

© Engineered Science Publisher LLC 2023

Predicted vs. Actual

427 —|

424

420 —

Predicted

417 —

413 —

413 416 420 423 427

Actual
Fig. 4 Graph showing the relationship between the actual and the
predicted process.

The influence of different cutting parameters on machining
of GFRP composites are studied by using response graph and
response table. The influence of parameters on Machining
force is shown in as contour figures as Fig. 5, Fig. 6 and Fig.
7.

Machining Force

17.8132

C:* Denth of cut

17.2798 )
L

A: Feed
Fig. 5 Contour surface showing influence of feed rate and depth

of cut on machining force.

From the figures itis observed that machining force value
increases with increase of feed rate, cutting speed and depth of
cut. These contour data and the ANOVA result, which is
depicted in Table 5, indicate that feed rate, followed by cutting
speed and depth of cut, is the primary factor influencing the
machining force. This is because a faster feed rate caused more
heat to be produced, which in turn caused more tool wear and
a rougher surface.!

As the feed rate increased, clatter also increased, leading to
incomplete machining at a faster traverse and a rise in surface
roughness. This is consistent with the results from the study
quoted above.l’!

The Fig. 8, Fig. 9 and Fig. 10 show the estimated response
surface for the force in relation to the individual parameters of
the feed rate, speed and depth of cut.
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Table 5. RSM-ANOVA analysis.

Source Sumof Df Mean F p-value
Squares Square  Value Prob>F

Model 0.018 9 2.006 32.13 <0.0001

E-003 (Significant)

A-Speed 2.684E- 1 2.684 4.30 0.0649
004 E-004

B-Speed  2.223 1 2.223 3.56 0.0885
E-004 E-004

C- Depth  1.022 1 1.022 1.64 0.2297

of cut E-004 E-004

AB 1.625 1 1.625 2.60 0.1377
E-004 E-004

AC 8.845 1 8.845 142 0.2614
E-005 E-005

BC 5.245 1 5.245 0.84 0.3809
E-005 E-005

A2 2.170 1 2.170 0.35 0.5685
E-005 E-005

B2 1.377 1 1.377 2.20 0.1684
E-004 E-004

C2 8.052 1 8.052 1.29 0.2826
E-005 E-005

Residual  6.243 10 6.243
E-004 E-005

Lack of 6.243 3 2.081

fit E-004 E-004

Pure 0.000 7 0.0000

error

Cor Total  0.019 19

100.00

Machinin Force

87.50

75.00

R* Sneed

62.50

50.00

A: Feed
Fig. 6 Contour showing speed and feed rate influences on
machining force.

As it seen from these figures, the machining force tends to
increase steadily with an increase in feed rate. This is due to
the increase in the feed rate causes a sharp rise in the feed force
which in turn causes higher friction and produces more
damage on the surface. From Table 5, the model indicates the
percentage contribution of Feed is higher with an F value of
4.30. It is seen that the cutting speed has been less significant

6| Eng. Sci., 2023, 23, 869

Machining Force

0.25

020

0.15

¢ Denth of et

6250 75.00 87.50 100.00

B: Speed
Fig. 7 effect of depth of cut and speed on machining force.
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Fig. 8 3D surface response surfaces for feed and speed.

on Machining force when compared with the Feed rate. When
the cutting speed ranges between 50 and 100 m/min and the
feed rate from 0.04 to 0.12 mm/rev, the machining force
value lies within 17.127 to 18.218N. Further, it is also seen
that while the cutting speed is between 50 and 100 m/min and
the feed rate in the range of 0.04 and 0.12 mm/rev, the
Machining force appears to rise from 17.2089 to 17.843 N.

2z
LT
e e g
e e o
e et
e A T ol o o
Sy b W
by A A T L
g Nl M e g gy gy By Wy iy Wy
i g ot ot W g B
e e Pl ol P o ol P T TR AT
Serols G o o PR LR L e T,
g A O G
i i
A e e g ey s o %‘
2

18.1
17.825

17.55 5z
.

e
s o
£

Z
I
i by
LA Py

==

S AR AT LR

B AL T %g SIS

e

17.275 Sl

Machining Force

025

C: Depth of cut

0.05 0.04
Fig. 9 3D response surface between feed rate and depth of cut on

machining force.
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Table 5. RSM-ANOVA analysis.
Source Sum of Squares  Df Mean Square F Value  p-value Prob>F
Model 0.018 9 2.006 E-003 32.13 <0.0001 (Significant)
A- Speed 2.684E-004 1 2.684 E-004 4.30 0.0649
B-Speed 2.223 E-004 1 2.223 E-004 3.56 0.0885
C- Depthof cut  1.022 E-004 1 1.022 E-004 1.64 0.2297
AB 1.625 E-004 1 1.625 E-004 2.60 0.1377
AC 8.845 E-005 1 8.845 E-005 1.42 0.2614
BC 5.245 E-005 1 5.245 E-005 0.84 0.3809
A2 2.170 E-005 1 2.170 E-005 0.35 0.5685
B2 1.377 E-004 1 1.377 E-004 2.20 0.1684
c2 8.052 E-005 1 8.052 E-005 1.29 0.2826
Residual 6.243 E-004 10 6.243 E-005
Lack of fit 6.243 E-004 3 2.081 E-004
Pure error 0.000 7 0.0000
Cor Total 0.019 19

17.43

17.335

17.24

17.145

Machining Force

17.05

025 100.00

0.20 87.50

0.15
C: Depth of cut

75.00

0.10 62.50

B: Speed

0.05 50.00
Fig. 10 3D response surface showing relationship between speed

and depth of cut on machining force.

Figure 9 illustrates the impact of the feed rate and depth of
cut on the machining force. According to this graph, the value
of machining force rises significantly as feed rate rises and
barely at all as cut depth rises. Furthermore, it is noted that the
increase in machining force is mostly unrelated to the depth of
cut. This figure indicates that the value of machining force
increases much as the feed rate increases and very slightly as
the depth of cut increases. Further, it is also observed that the
depth of cut has very little contribution to the increase in
Machining force. As read from the contour graph Fig. 10, the
machining force value lies within when the depth of cut ranges
between 0.05 and 0.25 mm and the feed rate ranges from 0.04
to 0.12 mm/rev. Also, the Machining force appears to rise
while the depth of cut is between 0.15 and 0.25 mm and the
feed rate are in the range of 0.04 and 0.12 mm/rev.

The Fig. 10 shows the effect of the Depth of Cut and the
Speed on Machining force. From this, it is observed that the
Machining force increases considerably with an increase in the
cutting speed and slightly with an increase in the depth of cut.
According to the contour graph, when the cutting speed is
between 50 and 100 m/min and the depth of cut is between
0.05 and 0.15 mm, the machining force value is between 17.43

© Engineered Science Publisher LLC 2023

N. Further, it is also observed that the Machining force seems
to increase consistently while the depth of cut is between 0.05
and 0.25 mm and the cutting speed is between 62.5 and 87.5
m/min.

4.1 ANN technique

It is an emerging Atrtificial Intelligence (Al) technique and it
is utilized to test and validate the experimental data. It’s
general structure is as shown in Fig. 11.

Output layer

Input layer

Hidden layer

n

> Power

Fig. 11 ANN structure.

An artificial neural network is an information-processing
system that has certain performance characteristics in common
with biological neural networks.

A neural net consists of a large number of simple
processing elements called neurons, units, cells or nodes. Each
neuron is connected to other neurons by means of directed
communication links, each with an associated weight. These
weights represent information being used by the net to solve a
problem. Neural nets can be applied to patterns, or finding
solutions to constrained optimization problems.

Each neuron has an internal state called its activation or
activity level, which is a function of the inputs it has received.
Typically, a neuron sends its activation as a signal to several
other neurons. It is important to note that a neuron can send
only one signal at a time, although that signal is broadcast to
several other neurons.

4.2 Supervised training

Eng. Sci., 2023, 23, 869 | 7



Research article

Engineered Science

Perhaps in the most typical neural net setting, training is
accomplished by presenting a sequence of training vectors or
patterns, each with an associated target output vector. The
weights are then adjusted to a learning algorithm. This process
is known as supervised training.

4.3 Back propagation neural network (BPNN)

The back propagation algorithm has made it possible to design
multi-layer neural networks for numerous applications, such
as adaptive control, classification of sonar targets, stock
market prediction and speech recognition. Also, BPNN has the
advantage of fast response and high learning accuracy. One of
the advantages of using the neural network approach is that a
model can be constructed very easily based on the given input
and output and trained to predict process dynamics accurately.
This technique is especially valuable in processes where a
complete understanding of the physical mechanisms is very
difficult, or even impossible to acquire, as in the case of porous
powder performs during upsetting. Neural network is a logical
structure with multi-processing elements, which are connected
through interconnection weights. The knowledge is presented
by the interconnection weights, which are adjusted during the
learning phase. There are several algorithms available among
which the Levenberg—Marquardt algorithm (trainlm) will have
the fastest convergence. In many cases, trainlm is able to
obtain lower mean square errors than any of the other
algorithms tested. This BP network is a multi-layer of the
network architecture including the input layer, hidden layer(s)
and output layer. Layers include several processing units
known as neurons. They are connected with each other by
variable weights to be determined. In the network, the input
layer receives information from external source and passes
this information to the network for processing. The hidden
layer receives from the input layer, and does all information
processing. The output layer receives processed information
from the network, and sends the results to an external receptor.
The algorithm for the back propagation program is described
with the help of flow diagram as shown in Fig. 12.

4.4 Model description

In the development of a multi-layer neural network model,
several decisions regarding the number of neuron(s) in the
input layer, number of hidden layer(s), number of neuron(s) in
the hidden layer(s), and number of neuron(s) in the output
layer and optimum architectures have to be decided. Based on
the experimental condition, the important input parameters,
such as the helix angle, feed rate and spindle speed are given
as input parameters to the present ANN model. Machining
force is the output parameter.

4.5 Data normalization

In order to provide equal importance of the influence of the
smaller value as like higher valued input variables, both the
input and the output variables were normalized within the
range of —1 to 1 before the training of the network. The
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normalized values (xn) for each raw input/output dataset (d;)
were calculated as Eq. (7).

_ Z(di_ dmin) _
xn - (dmax_dmin) 1
where dmax and dmin are the maximum and the minimum
values of raw data.

()

4.6 Neural network design

The generalization capability of the neural network is
essentially dependent on (i) the selection of the appropriate
input/output parameters of the system, (ii) the distribution of
the dataset, and (iii) the format of the presentation of the
dataset to the network. In this study, the total number of
experimental results is 20 dataset among which 14 (two-third)
dataset were considered for training, and 6 for testing. Before
training the network, the input/output dataset were normalised
within the range of 1 using the Eq. (1). The standard multi-
layer feed forward back propagation hierarchical neural
networks were designed in the MATLAB 10 Neural Network
Toolbox. The networks consist of three layers, namely, the
input, hidden layer, and output layer. Now, the designed
network has 3 input neurons and one output neuron. Initially,
four neurons in input layer, 2 hidden neurons in one hidden
layer and 2 neurons in output layer (3—2—1) architecture was
taken and trained with 1000 epochs (iterations) to predict the
optimum results. The MSE achieved from different iterations
is shown in Table 1. It is evident that the value of MSE
gradually decreases during the progress of training.

4.7 Neural network training

In this study, the total number of data obtained from
experimental investigation is 20 set for each response among
which 14 (two-third) data set were considered for training, and
6 for testing. The standard multilayer feed forward back
propagation hierarchical neural networks were designed with
MATLAB 10 Neural Network Toolbox. The networks consist
of three layers: the input, the hidden layer, and the output layer.
Now, the designed network has four input neurons and two
output neurons. In the network, each neuron receives total
input from all the neurons in the proceeding layer as Eqg. (8):

net; = ZiWiT} x)m 1 )

Where net; is the total or net input, X n is the output of the
node j in the nth layer, and W;" represents the weights from
node i in the (n-1) th layer to node j in the nth layer. A neuron
in the network produces its input by processing the net input
through an activation (transfer) function which is, usually
nonlinear. There are several types of activation functions used
for BP. However, the tan-sigmoid transfer function is mostly
used which is assigned in hidden layer (s) for processing the
inputs as Eq. (9):
2

fO = 55 9)
The purelin, a transfer function, calculates a hidden layer’s
output from its net input which is assigned for output layer as

—1range (—1,1)
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Fig. 12 Flow diagram.

Eq. (10):
(e*—e™)

fx) = e (10)
The weights are dynamically updated using the BP algorithm.
The network has been trained with Levenberg— Marquardt
algorithm. This training algorithm has been selected due to its
high accuracy in similar function approximation. Default
training parameters available in MATLAB 10 was set for

1range (—1,1)
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training the dataset. In order to judge the performance of the
network, the average error (MSE) has been calculated as Eq.
(12):

Ep = 25:12115 :1(dpk - Opk)2 (11)
In the case of BPNN training, the number of iterations (epochs)
to be executed is an important parameter, which is used in the
model, as presented in Table 1. To determine the best
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configuration several structures, have to be considered with
different numbers of hidden neurons.

The machinability of GFRP composites have been trained
with different architecture by varying number of neurons in
the hidden layer(s). After training, it has been demoralized and
compared with the experimental data as shown in Figs. 6 and
7. The demoralized values (x;) for each raw output dataset was
calculated as Eq. (12).

= (xn+1) (dmax— dmin)

i 2 + dmin (12)
Where dmax and dmin are the maximum and minimum values of
raw data.
For testing the prediction ability of the model, prediction error
in each output node has been calculated as follows Eq. (13):

(Actual value—Predicted value)

Prediction error % =
100 (13)
In order to determine the optimal architecture, a total of 28
different networks with different number of layers and
neurons in the hidden layer have been designed and tested for
GFRP composites.

Actual value

4.8 Testing and performance of BPNN

The performance capability of each network has been
examined based on the correlation coefficient, error
distribution, and convergence of entire dataset within
specified error range between the network predictions and the
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experimental values using the test and entire dataset. For
deciding the optimum structure of neural network, the rate of
error convergence was checked by changing the number of
hidden neurons and number of hidden layers. In the process it
had not been selected as an optimum architecture, because the
mean prediction error as well as the error distribution,
maximum value of error, minimum value of error were
observed as high, which can be evident from Fig. 13.

4.9 Comparison of RSM and ANN models

The main advantage of RSM is its ability to exhibit the factor
contributions from the coefficients in the regression model.
This ability is powerful in identifying the insignificant main
factors and the interaction factors or insignificant quadratic
terms in the model and thereby can reduce the complexity of
the problem. On the other hand, this technique requires good
definition of ranges for each factor to ensure that the
response(s) under consideration changes in a regular manner
within this range.

It is noted that ANN models perform better than other
techniques, especially RSM, when highly non-linear behavior
is the case, as shown in Fig. 13. Further, this technique can
build an efficient model using a small number of experiments.
However, the accuracy of the technique would be better when
a larger number of experiments were used to develop a model.
On the other hand, the ANN model itself provides little
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Fig. 13 ANN Performance.
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Fig. 14 comparison of RSM prediction error with ANN prediction error.

information about the design factors and their contribution to
the response if further analysis has not been done.

Generation of ANN model requires a large number of
iterative calculations, whereas, it is only a single step
calculation for a response surface model. Depending upon the
nonlinearity of the problem and the number of parameters, an
ANN model may require a high computational cost to create.
Although computationally much more costly than a response
model, ANN model leads to comparatively accurate
predictions of responses as shown in Table 6. The mean errors
for ANN and RS models are about 0.258847% and 0.769831%
respectively. The error against observation order of both the
models is compared in Fig. 14.

Table 6. Comparison between RSM and ANN models.
Model summary and

. RSM ANN
prediction errors
Mean Square Error (MSE) 6.75E-03 1.510E-3
R? 0.97240 0.99260
Mean error/% 0.769831 0.258847
Computational time Short Long
Experimental domain Regular Irregular or

regular
Model developing With No interactions
interactions

Understanding Easy Moderate
Application Frequently Frequently

5. Conclusions

The purpose of this research is to quantify the effect of cutting
speed, feed rate, and depth ofcut on machining force of GFRP
composite materials. From the experimental results presented,
the following conclusions were drawn from milling GFRP
composite materials with solid carbide end mill tool coated
with polycrystalline diamond (PCD) using response surface

© Engineered Science Publisher LLC 2023

methodology. The Machining force tends to increase steadily
with an increase in the feed rate andslightly by an increase in
the cutting speed. The value of Machining force increases
much as the feed rate increases and veryslightly as the depth
of cut increases, which means that the composite damage is
larger for higher feed rate and for higher cutting speed. The
feed rate is the cutting parameter which has greater influence
on Machining forcefor GFRP composite materials, followed
by the cutting speed. The milling force experienced by GFRP
composites was accurately anticipated by the established
mathematical model. The confirmation test was used to check
the created second order response surface model, and the error
was found to be within 0.3%. This method makes it simple to
foresee the primary effects and secondary consequences of
many significant parameters. A model using Acrtificial Neural
Networks (ANN) was developed to study the Machinability of
GFRP composite during endmilling. The developed ANN
model was compared with the RSM models for the prediction
of machining force of milled GFRP composites. The
predictive ANN model was found to be capable of better
predictions of responses within the range that they had been
trained. The results of the ANN model indicate it is much more
robust and accurate in estimating the values of machining
force when compared with the response surface model.
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