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ABSTRACT

Composite materials are becoming increasingly important in a wide range of fields and are replacing many
traditional engineering materials. Producing the parts with the FRP materials into this desired dimensional
accuracy, surface quality is the prime challenge in the manufacturing operations. At the same time unlike the
metals FRP composites are facing the delamination problems as an added issue. With the aim of achieving the
minimum delamination and desired dimensional accuracy which are influenced by the machining parameters
are considered for the analysis in this attempt through DSA optimisation technique in the MATLAB
programming. The values of the experimental observation while drilling the sandwich composite laminates of
different fibre volume ratios are the base for this investigational study. Mathematical modelling is carried out
and afterwards the regression equations are fed as input as a hybridization and the simulation is performed.
The optimised output parameters are located with respect to the combinations of input cutting variables.

Keywords- Sandwich fibre composite laminates, Drilling, Regression, Differential Search
Algorithm, hybridization, Optimisation, Minitab, MATLAB.

I. INTRODUCTION

The quality of the products being manufactured acting with the main accountability in the current scenario in
terms functional aspect as well as the life of the product with consistent performance. At time of manufacturing
it is very essential to control the quality parameters regarding all attributes of the product concern within the
acceptable range in order to fulfill the end usage. In this context, the quality of the surface getting the attention
of the manufacturers since a superior quality machined surface certainly enhances the properties like life of
creep failures and the strength resistance to corrosion,. In addition to that the surface quality influences over the
operational attributes, like friction, wear, light reflection, ability to function with the lubricant concern applied
and surface protection coating etc. During machining processes several factors are impending into the process

which in turn create impacts on the surface quality outcome either individual or in combination. The physical,
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chemical and mechanical properties of the material being processed, the tool material properties and
characteristics, machine tool capacity and rigidness and the process settings which include the depth of cut, feed
rate of the tool, and spindle speed along with the tool geometry, usage of coolant and its properties etc. Though
it is cumbersome to take the complete factors under the control while processing, to the maximum extent
possible attempts are being practiced through proper selection of machining parameters which import high
influence on the end product surface quality. Application of optimisation techniques is the commonly accepted
and exercised approach in these aspects. With this objective and clear understanding of the specific effects of
machining parameters in various machining operations, many researchers are using both the traditional and

nontraditional optimization techniques to resolve the issues.

Il. LITERATURE REVIEW
Isik and Kentli [1] have declared through an approach in turning process of GFRP composites while employing
the cemented carbide tool as the cutting tool. Depth of cut, cutting speed and feed rate were the three machining
input parameters selected to investigate and minimize the tangential and feed force. The technique adopted was
the Weighting techniques with the idea of bringing all the objective functions jointly with applying different
coefficients for each. The conclusion was that the proposed technique focused by more economically present to
predict the effect of different influential blend of parameters. Radhakrishnan and Uday Nandan [2] developed a
practical association among machining parameters like cutting speed, feed rate and depth of cut to the
machining force in an end milling operation. They came out with the conclusion by using both multiple
regressions and neural network modeling. Regression model was employed to fit the experimental data after
filtering the abnormal data points, subsequently analysis carried out through using neural networks to capitulate
a final model. While the purpose of developing and optimizing a surface roughness model for machining
processes, it is highly inevitable to recognize the present condition of exertion in these aspects [3].Emel Kuram
et al [4] have applied the Taguchi based grey relational analysis for multi-objective optimization in micro-
milling process parameters. Manna and Bhattacharyya [5] have conducted an investigation on the machinability
of Al/SIC-MMC in turning process. The objective of the investigation reveals that the impact of machining
parameters like cutting speed, feed and depth of cut on the cutting force and surface finish criteria were
identified for the investigation. Palanisamy et al [7] conducted the study about the impact of cutting speed, feed
and depth of cut on the cutting tool wear. Regression mathematical modeling and Artificial Neural Network
(ANN) are the two modeling techniques they employed in their study towards predicting the tool wear. They
have trained the Artificial Neural Network (ANN) with feed forward back propagation for prediction of the tool
wear. Optimizations as well as process modeling are two parallel important criteria in manufacturing in which
such manufacturing processes are entangled through a variety of vigorously interacting process variables.
Surface finish is one among such important factors of machining outcome to predict the concert of any
machining operation.

In this attempt, the consequences of such main parameters cutting speed, tool feed rate on the work
material towards the hole diameter damage factor is analysed and optimization of input machining parameters is
carried out. Differential Search Algorithm (with the feed of Regression relationship) is employed in MATLAB

for the optimisation.
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I11. EXPERIMENT DETAILS

Drilling experiment conducted on the sandwich composite laminates which was made by hand layup method by
Naveen et al [6] to assess the performance of the operations and outcome (damages on the hole produced). They
have conducted experiment on three different Four-layered unidirectional glass, hemp and sandwich fiber
composite laminates with three different fibre volume fraction and investigated the delamination effect on the
produced hole. Cutting speed and tool feed are taken as input machining variables and diameter damage factor
as the outcome parameter for the investigation. The dimension of the specimen were 100 mm x 50 mm x 3 mm
with 10, 20, 30 % volume fractions. The drilled holes were observed using dye penetrate test to measure the
diameter of the hole outcome. The damaged factor of the hole diameter calculated with the relationship D .y / D;
where D max is the maximum hole diameter observed, D is the standard hole diameter. The parameter selection
in three levels is shown in the Table 3.1 and data obtained through the experiment is mentioned in the Table 3.2

Table 3.1 Parameter selection

Turning parameters Level 1 | Level 2 Level 3
Cutting speed(m/min) 40 60 80
Feed (mm /min) 0.1 0.2 0.3

Table 3.2 Experimental result (Drill hole damage factor)

Volume Fraction of sandwich fibers

Exp Cutting Speed Feed 10% 20% 30%
DF, DF, DF;
1 40 0.1 1.004 1.007 1.008
2 40 0.2 1.005 1.012 1.017
3 40 0.3 1.008 1.021 1.033
4 40 0.5 1.035 1.038 1.040
5 60 0.1 1.003 1.005 1.007
6 60 0.2 1.004 1.012 1.015
7 60 0.3 1.010 1.020 1.025
8 60 0.5 1.028 1.025 1.030
9 80 0.1 1.002 1.003 1.003
10 80 0.2 1.003 1.007 1.010
11 80 0.3 1.008 1.015 1.018
12 80 0.5 1.025 1.023 1.029

Where Cs represents the cutting speed, F represents the feed and DF;, DF,, DF3 represents the drill hole damage

factor of 10% , 20 % and 30 % fibre volume fraction specimen.
IV. MATHEMATICAL MODELLING

Regression analysis was carried out in the Minitab 17 software. In the statistical Fit regression model to the

responses of the drill hole damage factor with the continuous cutting speed, feed as continuous predictors of
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order 2 interactions are taken. With the 95 % confidence level of two sided confidence level interval for the

second order regression analysis of DF, DF,, DF; Vs Cs, F, and the model summary is noted in Table 4.1.

Table 4.1 Regression Analysis: DF;, DF,, DF; Vs Cs, F

Parameter Regression S R-sq R-sq(adj) | R-sg(pred) | Durbin - Watson
DF; (10% First order 0.0043062 | 88.27% 85.66% 76.65% 2.07339
fibre) Second order 0.0028637 | 95.06% 90.95% 86.77% 3.41239
DF, (20% First order 0.0028898 | 93.40% 91.93% 85.59% 2.31496
fibre) Second order 0.0020381 | 97.88% 96.11% 93.83% 3.41098
DF; (30% First order 0.0035779 | 92.38% 90.69% 86.77% 2.19745
fibre) Second order 0.0013609 | 99.21% 98.55% 97.85% 3.14374

It reveals that the R-sq value as along with the R-Sq (adj) and R-Sq (pred) values as close, for the second order
relation which is significant statistically. The coefficient of variables is taken and the Regression Equations
framed for all the three DF4, DF,, DF;as follows through the Minitab software.

DF;, = (0.9977) -(0.000139*Speed) + (0.1107*Feed) + (0.000001*Speed”2) - (0.0530*Feed"2) -
(0.000336*Speed*Feed)

DF, = (1.0064) - (0.000224*Speed) + (0.0877*Feed) + (0.000001*Speed™2) — (0.0462*Feed”2)
+ (0.000086*Speed*Feed)

DF; = (1.01472) -(0.000544*Speed) + (0.1249*Feed) + (0.000003*Speed”2) - (0.0803*Feed"2) -
(0.000114*Speed*Feed)

The equations reveal that the feed rate F is highly influencing parameter on the Drill hole damage factors than

the speed.

V. PARAMETRIC OPTIMIZATION

In this approach, MATLAB (R2014a) software with ElIman Back Propagation is used for coding Differential
Search algorithm. The algorithm is coded to the execution in the Gradient Descent with Momentum & Adaptive
Learning. The performance indicator is the mean square error. Based on the objectives, the coding was
developed towards optimization, i.e. surface roughness to the minimum value as the objective functions.
Initially the simulation is trained for 50000 iterations. Mean squared error in computation is found as 8.91 x 10°
> The regression relationship equations generated by the Minitab is fed into the programme for the closeness in
resulting the simulation and 14.1 % improvement in error reduction is noticed. With this the values for the
periodical interval between the parameter selection is taken for further evaluating the values of the hole diameter
damage level. The step up value for such computation is chosen as (40:5:80) for the speed parameter and
(0.1:0.02:0.3) for the feed parameters. Figure 5.1 shows the MATLAB menu of 50000 iterations on progress.
The computed values through this hybrid approach are given in the Table 5.2.
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Figure 5.1 Matlab Menu of 50000 iterations

Table 5.1 Computed values of DF,, DF,, DF3 Vs F for speed 40, and 45 m / min

Feed Speed 40 m/ min Speed 45 m/ min

DF, DF, DF, DF, DF, DF,
0.10 1.004 1.008 1.009 1.008 1.007 1.010
0.12 1.006 1.011 1.019 1.009 1.021 1.014
0.14 1.006 1.018 1.028 1.009 1.029 1.020
0.16 1.008 1.026 1.023 1.009 1.024 1.022
0.18 1.007 1.019 1.018 1.011 1.014 1.020
0.20 1.010 1.014 1.018 1.012 1.010 1.019
0.22 1.012 1.011 1.019 1.014 1.019 1.019
0.24 1.013 1.025 1.020 1.016 1.031 1.020
0.26 1.017 1.034 1.021 1.017 1.028 1.020
0.28 1.018 1.024 1.022 1.019 1.017 1.021
0.30 1.021 1.016 1.023 1.020 1.013 1.022

Table 5.2 Computed values of DF;, DF,, DF; Vs F for speed 50, and 55 m/ min

Feed Speed 50 m/ min Speed 55 m/ min

DF, DF, DF; DF; DF, DF;
0.10 1.008 1.011 1.010 1.007 1.011 1.009
0.12 1.008 1.023 1.014 1.007 1.023 1.014
0.14 1.008 1.027 1.020 1.007 1.025 1.021
0.16 1.008 1.020 1.022 1.007 1.020 1.022
0.18 1.010 1.013 1.020 1.009 1.013 1.019
0.20 1.011 1.009 1.018 1.010 1.010 1.017
0.22 1.013 1.021 1.018 1.012 1.019 1.017
0.24 1.015 1.030 1.019 1.014 1.028 1.018
0.26 1.016 1.026 1.020 1.015 1.026 1.019
0.28 1.018 1.015 1.020 1.017 1.016 1.020
0.30 1.019 1.013 1.021 1.019 1.013 1.020
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Table 5.3 Computed values of DF,, DF,, DF; Vs F for speed 60, and 65 m/ min

Speed 60 m/ min

Speed 65 m/ min

Feed

DF, DF, DF; DF, DF, DF;
0.10 1.006 1.009 1.008 1.005 1.006 1.007
0.12 1.006 1.022 1.014 1.005 1.021 1.014
0.14 1.006 1.024 1.021 1.005 1.022 1.022
0.16 1.006 1.020 1.023 1.005 1.020 1.023
0.18 1.008 1.012 1.019 1.007 1.013 1.018
0.20 1.009 1.010 1.016 1.008 1.011 1.015
0.22 1.011 1.016 1.017 1.009 1.013 1.016
0.24 1.013 1.024 1.018 1.012 1.021 1.017
0.26 1.014 1.025 1.019 1.013 1.024 1.018
0.28 1.016 1.018 1.019 1.015 1.021 1.018
0.30 1.018 1.014 1.020 1.017 1.015 1.019

Table 5.4 Computed values of DF,, DF,, DF; Vs F for speed 70, and 80 m/ min

Speed 70 m / min

Speed 80 m/ min

Feed

DF, DF, DF; DF, DF, DF;
0.10 1.004 1.005 1.007 1.001 1.007 1.023
0.12 1.004 1.018 1.014 1.002 1.012 1.023
0.14 1.004 1.019 1.023 1.002 1.014 1.023
0.16 1.004 1.019 1.023 1.003 1.015 1.023
0.18 1.006 1.015 1.018 1.004 1.016 1.023
0.20 1.007 1.013 1.014 1.005 1.016 1.023
0.22 1.008 1.013 1.015 1.007 1.016 1.023
0.24 1.010 1.018 1.016 1.008 1.016 1.024
0.26 1.012 1.021 1.017 1.009 1.017 1.024
0.28 1.014 1.022 1.018 1.011 1.018 1.024
0.30 1.015 1.018 1.018 1.013 1.019 1.028

The graphical plots for various combinations of speed, feed and depth of cut are depicted in the Figures

5.2t05.7
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Figure 5.4 DF;, DF,, DF; Vs F for Speed 50 m /min
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Figure 5.5 DF;, DF,, DF; Vs F for Speed 55 m /min
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Figure 5.6 DF4, DF,, DF3 Vs F for Speed 70 m /min
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Figure 5.7 DF4, DF,, DF; Vs F for Speed 80 m /min
The optimal value of the hole diameter damage factor for each clause of fibre volume fraction is shown
in the Table 5. 5.

Table 5.5 Optimal value of the hole diameter damage factor

Fibre Volume fraction Speed Feed DF values
10 % 80 0.10 1.001
20 % 70 0.10 1.005
30 % 80 0.10 1.005
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VI. RESULTS AND CONCLUSIONS

In this attempt of optimizing the process parameters towards the hole diameter damage factor in drilling
operations on the sandwich fibre composite laminates is simulated by applying Differential Search Algorithm in
the MATLAB programming. From the regression analysis it is evident that the feed parameter of the tool is
showing high level influence on the hole diameter damage factor over the other parameter (speed). Scatter plots
presented through the Minitab for the various combinations of input machining parameter values will be useful
for the manufacturer concern in the selection of machining parameter combination with reference to the required
product quality. Similar attempt may be done for other material processing operations also with other
optimization algorithms in order to identify the optimised machining conditions which will support the
machining operations.
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