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Abstract 
 

The surface qualityof the drill hole mainlyrelies upona crucial part of the 
drilling operation at different test conditionsconcerned with anisotropic 

materials. Here, in the present work focus on the analysis of high thickness 

Hybrid Carbon/Glass FRP composite laminate has been made through 
various statistical and Artificial Neural Network (ANN) techniques 

examination.  Firstly, this paper deals with the statistical investigation of 

machining variables on output attributes through L27 Taguchi Design of 
Experiments (DOE) and Secondly, modeling using neural network is carried 

out for predicting the experimental data to minimize the output error range. 

Here, an statistical attempt has been made to study the impact of drilling 

attributes (tool material, cutting speed, and feed rate) on output attributes 
(Cylindricity C and Circularity O) after drilling hybrid composite laminates 

which have been analyzed through Taguchi L27 array and it reveals that tool 

material was found to be a most influencing factor over output attributes as 
per S/N ratio response function. Later, the experimental data were analyzed 

using the ANN model and predicted results obtained were found to be in 

closer agreement with the least output errorand the percentage of output error 

range lies within 10%. 
 

Keywords: Hybrid FRP Laminate; Cylindricity (C); Circularity (O); DOE;  

                   ANN   
 

 

 
 

Journal of Green Engineering, Vol.10_10,   
 © 2020 Alpha Publishers. All rights reserved.

 
 

 

 

 
 

 
 

 

 

 
 

 

 

 
 

 

 

 
 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 

   
   Journal of Green Engineering (JGE) 
       

            Volume-10, Issue-10, October 2020 
 

 

10099-10113.



 
 

 

 

 
 

 

 
 

 

 
                    N.S. Majunatha Babuet. al. 

 

 

 

1 Introduction  
 
 The traditional drilling method requires careful investigation of the 

operational parameters concerned to hole as a preliminary measurecompared 

tonon-traditionalmachining processes applied in any structural application. 
The onset of the drilling process mainly deals with the geometrical dimension 

and tolerances concerning hole surface quality (cylindricity, ovality) while 

machining carbon, glass, kevlar, and hybrid Fiber Reinforced Polymer (FRP) 
laminates by setting different machine tool attributes to fasten the laminate.   

 Whereas, few investigations indicatethe effective usage of relevant 

statistical tools and artificial neural network techniquesas an alternative to 

study the influence of machining parameters for hole characteristics analysis. 
Further, the literature takes through the investigation hole parameters analysis 

in coordination with machining attributes as follows: According to one of the 

study, it reveals that thrust force and internal surface quality were found to be 
decreasedthrough variable feed rate of feed while hole diameter increases ata 

constant rate of feed [1-2].Several other research works, also focus on 

different tool geometries and tool materials like 8-facet, jod drill, and 

standard twist drill bits. Their study revealed that response behavior was 
found to be minimum in case of Bi-directional GFRP compared to UD-GFRP 

on using 8-facet and jod drill and feed rate plays a predominant role 

concerning four flute end mill cutters [3-5] and the results indicate that tool 
material and tool geometry are the prime control factors while machining 

UD-GFRP.The drill hole surface damage observation made has been 

investigated through the standpoint of thrust and resisting twisting forces 
arising during the operation. As per one of the studies,glass fiber composites 

were observed to be affected by tool speed and rate of feedwhen exceeds a 

critical limit which leads to excessive pushing and twisting moments 

resulting in hole-wall surface roughness and delamination at the laminate 
entry and exit points [6-7]. As per their observations made, ANN was able to 

predict the minimization of selected output parameters while the proposed 

hybrid algorithm was found to perform well compared to the Genetic 
Algorithm [8]. One more end milling experimental study indicates that depth 

of cut was observed to be the most influencing factor concerned with surface 

roughness and delamination as per Taguchi S/N ratio effect, while the depth 
of cut influences most on surface roughness and cutting speed on 

delamination as per ANOVA. The ANN predicted results indicate the 3.7% 

error range which lies in closer agreement with experimental results [9]. The 

thorough analysis indicates that simulating tempering was justified to be 
more effective when compared to experimentation in case of minimizing the 

roughness value which leads to better cylindricity and ovality of a drilled 

hole [10,11].From the foregoing, it can be understoodthat it requires a 
comprehensive study on various aspects of response variables concerned with 
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composite panels which will ultimately facilitate large scale production in 
engineering sectors. Extensive studies are also needed to assess drilling 

characteristics in high thickness hybrid composite laminates. 

 Hence, the present experimental investigation based statistical design has 
been taken up to optimize the selected control parameters which give 

minimum cylindricity and circularity through the judicious deployment of 

full factorial Taguchi technique using Minitab software and modeled using 
Artificial Neural Network in MATLAB. The results are discussed in the light 

of prevailing literature and a rationale is attempted to correlate 

experimentally measured value with the neural network to minimize error 

during the drilling operation. 
 

2 Experimental Studies 
 
 The Experimentation part includes (1) Fabrication of Specimen and 

Selection of Control Factors (2) Taguchi DOE design and conduction of 

experiments (3) Collection of S/N ratio and means Response plot, which is 
further followed by modeling using Artificial Neural Network. 

 
2.1 Fabrication of Specimen and Selection of Control Factors 
 

 Initially, The Fabrication Part involves the preparation of specimen of 

volume 500 x 500 x 12 mm3 on piling up 12 layers (0.4 mm thickness/fiber 

mat) of 0/90o Bi-directional Carbon fiber mat (20%) and 18 Layers (0.2 mm 
thickness/fiber mat) of Glass fiber mat (60%) with reinforcement of epoxy 

resin (20%) and hardener (100:10 ratio) until the desired thickness is 

achieved. Later, after it is subjected to pre-curing and post-curing process, the 
required sample of size 288 mm x 88 mm x 12 mm is trimmed off for drilling 

operation (Figure 1) which is performed using three different cutting tools of 

8mm diameter with 3 levels of cutting speed and feed rate in CNC Machine 
as per Taguchi’s Design of Experiments (DOE) indicated in Table 1 and 

Table 2.  
Table 1. Cutting tool parameters used in the experimental trials [11] 

Feed rate  (mm/min) Tool material Cutting Speed (rpm) 

50 STC1 (Tooltip angle: 90՞) 800 

60 STC2 (Tooltip angle: 118՞) 900 

70 HSS 1000 
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Table 2.Input and Output Attributes as per Taguchi’s L27Design 

Tool 

Materia

l 

Cutting 

Speed  

(rpm) 

Feed 

Rate 

(mm/mi

n) 

Cylindrici

ty 

Ovality/Roundn

ess/Circularity 

Hole 

Locatio

n No. 

STC1 800 50 0.0265 0.0204 H1 

STC1 800 60 0.0344 0.0202 H2 

STC1 800 70 0.0513 0.0412 H3 

STC1 900 50 0.0243 0.0171 H4 

STC1 900 60 0.0217 0.0185 H5 

STC1 900 70 0.0217 0.0341 H6 

STC1 1000 50 0.0546 0.0195 H7 

STC1 1000 60 0.0668 0.028 H8 

STC1 1000 70 0.0333 0.02 H9 

STC2 800 50 0.0838 0.0413 H10 

STC2 800 60 0.0552 0.0298 H11 
STC2 800 70 0.0635 0.0343 H12 

STC2 900 50 0.0558 0.0288 H13 

STC2 900 60 0.0342 0.0426 H14 

STC2 900 70 0.066 0.0325 H15 

STC2 1000 50 0.0534 0.03 H16 

STC2 1000 60 0.0636 0.0337 H17 

STC2 1000 70 0.0383 0.0151 H18 

HSS 800 50 0.4445 0.3118 H19 

HSS 800 60 0.243 0.1564 H20 

HSS 800 70 0.1402 0.1134 H21 

HSS 900 50 0.3952 0.2118 H22 
HSS 900 60 0.6865 0.0426 H23 

HSS 900 70 0.1647 0.0325 H24 

HSS 1000 50 0.3178 0.03 H25 

HSS 1000 60 0.1646 0.0337 H26 

HSS 1000 70 0.1121 0.0151 H27 

 

 2.2  DOE design and conduction of experiments 
 

 The Drilling experiment was performed on a prepared sample using CNC 

Machine as perTaguchi’s L27 array as indicated in Table 2. Each drilled hole 

was thoroughly examined to measure cylindricity and circularity using Carl 
Zeiss Coordinate Measuring Machine (Figure 2a) and the results are 

displayed in Table 2. Later the statistical analysis of variables was carried 

outinMinitab software. 

 
2.3 S/N ratio Response Analysis of Cylindricity and Circularity 
  
 The main function of the Taguchi technique letsto identity loss quantity 

to achieve abnormality between measured and predicted values through 
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transformation of Signal-to-Noise (S/N) effect on consideration of three 
effects viz., Smaller the Better, Nominal the Best, Larger the best. Here, in 

the present work, for the minimal effect of circularity and cylindricity, 

Smaller the better is preferred to yield better refinement in machining 
performance characteristics. The computation of the Signal-noise ratio is 

achieved using Equation 1. 

 
S

N
ratio() =  −10 × log(∑

y2

n
)                                                                   (1) 

 
where y and n are experimental results and number of trials depending on the 

analysis. 

 
Table 3. S/N ratio response table (smaller the better) for cylindricity C 

Level Tool  Material Cutting Speed (rpm) Feed Rate (mm/min) 

1 −29.30  21.52  20.69 

2 −25.15  22.65  21.74 

3 −12.00  22.30  24.03 

Delta value 17.30 1.13 3.34 

Rank 1 3 2 

 
Table 4. Average mean of measured cylindricity C 

Level 
Tool  

Material 
Cutting Speed (rpm) Feed Rate (mm/min) 

1 0.03718 0.12693 0.16177 

2 0.05709 0.16334 0.15222 

3 0.29651 0.10050 0.07679 

Delta value 0.25933 0.06284 0.08498 

Rank 1 3 2 

 
Table 5. S/N Ratio response table (smaller the better) for ovality O 

Level 
Tool  

Material 
Cutting Speed (rpm) 

Feed Rate 

(mm/min) 

1 -32.66 -25.34 -27.37 

2 -30.20 -28.66 -28.88 

3 -23.57 -32.43 -30.18 

Delta value 9.09 7.09 2.80 

Rank 1 2 3 
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Table 6. Average mean of measured ovality O 

Level Tool  Material Cutting Speed (rpm) Feed Rate (mm/min) 

1 0.02433 0.08542 0.07897 

2 0.03201 0.05117 0.04506 

3 0.10526 0.02501 0.03758 

Delta value 0.08092 0.06041 0.04139 

Rank 1 2 3 

 
 The results obtained through Taguchi analysis are indicated in Table 3 to 

Table 6 and Figure 2 (a&b) explains about Optimum process attributes 
 The respective table indicates the most influencing, moderate, and low 

influencing factors. 

 
Figure 1. (a) Drill bits (b) CNC Machine (c) Sample Drilling (d) Drilled Sample 
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(a) 

 
(b) 

 
(c) 

Figure 2. (a) Coordinate Measuring Machine;Main Effects Plot: (b) Cylindricity, C (c) 
Circularity, O 
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3. Neural Network Approach 
 
 Here, in the present work, the training data is considered based on a 

supervised learning principle for the network. The estimated ANN data is 

matched with measured experimental values through the interconnection of 
weights between layers. It also highlights how the training of the Levenberg 

Marquardt (LM) algorithm leads to the least output error than any other 

algorithms tested. This Backpropagation neural network works on multilayer 
architecture which includes the neurons as main processing elements 

interconnected with variable weights and constant bias. Here, the input layer 

receives the data and gets transferred to the hidden layer for further 

information processing. Later, the output layer manipulates the processed 
information and sends the results to an external receptor. The complete neural 

network structure is shown in Figure 3. Depending upon the 

realtimeexperimental constraint, the main input attributes such as the tool 
material, cutting speed, and rate of feed is fed to the present Artificial Neural 

Network (ANN) model. The output attributes considered here are the 

cylindricityC and circularity O. 

 

3.1 Neural Network Structural Design and Training 
 

 The present work considers the 27 Sample Measured Values of 
cylindricity and circularity for training and testing purposes. The standard 

multilayer perceptron based feed-forward Back Propagation Neural Network 

(BPNN) with the tan-sigmoid function was chosen for the experiment and 
was simulated using MATLAB 15 Neural Network (NN) toolbox. Figure 3 

indicates that the weight (W) is the product of input signal leading to 

weighted function which in turn summed up with bias (b) of constant input as 

1 as per Equation 6. The construction of a network is categorized into three 
layers as: input, hidden, and output/target layer. Out of many iterations 

performed, three control attributes in the input layer, 14 neurons in the hidden 

layer, and two response attributes in the output layer (3-14-2-2) architecture 
were considered and trained with 1000 epochs (iterations) to predict the 

optimum structure results as shown in Figure 3. While excecuting the epoch 

is considered as an main parameter in the case of Back Propagation Neural 
Network (BPNN) algorithm which will be made to work on supervised 

training principle. The parameters used for training purposes in the selected 

model are indicated in Table 7. Since the several structures with randomly 

varying numbers of neurons have to be considered to yield the optimum 
configuration in the present context, the machinability of Hybrid FRP 

composites was subjected to training through different architectures by 

varying the number of neurons in the hidden layer(s). During and after 
training, it has been denormalized to compare with the experimentally 
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obtained data. The denormalized values (Xi) for each raw output/target data-
set may be calculated as per equation 3a through 4. 

 

X(i) = [(2X − (Xmax + Xmin))/ (Xmax − Xmin)/2]                              (3a) 
 

X(i) =
[(Xn+1)−(Xmax−Xmin)]

2
+ XminEq.                                                  (3b) 

 

Where,  Xmax = maximum raw data, Xmin = minimum raw data 

  Node(i) = Summation (WiXi)Eq. (4) 

 

 Predictive error in each output node has been can be verified through 
calculation according to equation 5 & 5a to predict the feasible model. 

 

OutputError % = (Actualvalue − PredictedValue)/ActualValue] X 100                         

(5) 
 

OutputError = [Actualvalue − PredictedValue]                                (5a) 

 

forNode (i) = ∑ Wx + b                                                                             (6) 
 

3.2 Neural Network Prediction 
 
 In the present work, the performance of each network has been tested and 

examined based on the erratum and convergence of entire data-set within 

specified error range between the network predictions and the experimental 
values using the test and entire data-set as mentioned in Table 8 which is 

obtained as per validation plot shown in Figure 4. To confirm the 

feasiblemodel of the neural network, the error convergence rate was tested by 

varying the hidden layer neurons. By increasing neurons in the hidden layer 
(beyond 14), the distribution of error was observed to be non-uniform. As per 

Table 8 observation, the structure with 14 neurons in each hidden layer has 

produced the best performance overall for each of the output attributes (3-14-
2-2). It was also observed that the other combination of architectures (3-1-2-

2, 3-2-2-2 3-3-2-2, 3-4-2-2, 3-5-2-2, 3-6-2-2, 3-7-2-2, 3-8-2-2, 3-9-2-2, 3-10-

2-2, 3-11-2-2, 3-12-2-2, 3-13-2-2) does not yield expected results, since the 

predicted mean error, least and highest value of error were observed to be 
variable. 
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Table 7. Training Parameters 
 

Number of 

Neurons used 

for training & 

testing 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Input (3 x 27 

array) 
Tool Material, Cutting Speed, Feed Rate 

Hidden Layer 14 Neurons 

Output (2 x 

27array) 
Cylindricity, Circularity 

 

 

 
 

Figure 3.Neural Network Structure 

N.S. Majunatha Babuet. al. 10108



 
 

 

 

 
 

 

 

                  

 

 

 

 
(a) 

 

 
(b) 

Figure 4.(a)Validation Plot and (b) Mean Square Error (MSE) for 3-14-2-2 Structure 
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Table 8. ANN Predicted Result 

 
Experimental 

Data 

ANN Prediction 

Data 

Relative Output 

Error 

Error 

Percentage 
Error Range 

Cy O Cy O Cy O Cy O Cy O 

0.0265 0.0204 0.0499 0.017 -0.0234 0.0030 2.34 0.3 

2.45 
% 

1.91 
% 

0.0344 0.0202 0.0393 0.027 -0.0049 -0.007 0.49 0.7 

0.0513 0.0412 0.0689 0.084 -0.0177 -0.043 1.77 4.33 

0.0243 0.0171 0.0431 0.015 -0.0189 0.0015 1.89 0.15 

0.0217 0.0185 0.0298 0.040 -0.0081 -0.022 0.81 2.23 

0.0217 0.0341 0.0516 0.048 -0.0300 -0.014 3 1.45 

0.0546 0.0195 0.0461 0.016 0.0085 0.0028 0.85 0.28 

0.0668 0.028 0.0423 0.020 0.0245 0.0077 2.45 0.77 

0.0333 0.02 0.0448 0.024 -0.0116 -0.004 1.16 0.46 

0.0838 0.0413 0.0480 0.017 0.0357 0.0240 3.57 2.4 

0.0552 0.0298 0.0317 0.033 0.0234 -0.003 2.34 0.33 

0.0635 0.0343 0.1056 0.110 -0.0421 -0.046 4.21 4.6 

0.0558 0.0288 0.0391 0.015 0.0166 0.0132 1.66 1.32 

0.0342 0.0426 0.0244 0.020 0.0097 0.022 0.97 2.2 

0.066 0.0325 0.0410 0.029 0.0249 0.0033 2.49 0.33 

0.0534 0.03 0.0737 0.016 -0.0203 0.0139 2.03 1.39 

0.0636 0.0337 0.0334 0.017 0.0301 0.0160 3.01 1.6 

0.0383 0.0151 0.0580 0.024 -0.0198 -0.009 1.98 0.96 

0.4445 0.3118 0.3696 0.349 0.0748 0.0953 7.48 9.53 

0.243 0.1564 0.2624 0.140 -0.0195 0.0156 1.95 1.56 

0.1402 0.1134 0.1713 0.066 -0.0311 0.0467 3.11 4.67 

0.3952 0.2118 0.3452 0.210 0.0499 0.0014 4.99 0.14 

0.6865 0.0426 0.6320 0.057 0.0544 -0.015 5.44 1.51 

0.1647 0.0325 0.1794 0.071 -0.0147 -0.038 1.47 3.86 

0.3178 0.03 0.3401 0.024 -0.0224 0.0050 2.24 0.5 

0.1646 0.0337 0.1499 0.031 0.0146 0.0025 1.46 0.25 

0.1121 0.0151 0.1239 0.070 -0.0119 -0.054 1.19 5.49 

 
4 Discusion on Results 
 

 The main effects of the S/N ratio for cylindricity and circularity were 

plotted and the same can be observed from Figure 2 (b & c). According to the 
S/N ratio main effect plot, it can be monitored that the cylindricity and 

circularity was observed to minimize the S/N data at the rate of feed 70 

mm/min, speed of 900 rpm, and tungsten carbide with tooltip angle of 90oin 
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case of cylindricity while in case of circularity it was observed to be tungsten 
carbide with tooltip angle 90o, 1000 rpm cutting speed, 70mm/min feed rate. 

Table 3 to 6, indicates that all the control factors have been given equal 

prominence depending upon their individual performance categorized by 
delta rank respectively leading to the behavior of cylindricity and circularity 

with respect to tool material  as the most influencing attribute followed by 

other factors.  
 From Figure 2 (b & c) and Table 3 to 6, it can be observed that rate of 

feed and cutting speed has the least prominent effect on cylindricity and 

circularity at all levels in comparison with cutting tool material studied 

through S/N Ratio plot. The Results also indicate that incremental in tool 
material and feed rate decreases cylindricity while increased cutting speed 

increases cylindricity and an increase in all the input variables decreases 

circularity. ANN results (Table 8) indicate that the model fits the data within 
the confidence level set as R2 = 95% which can be observed through the 

validation plot (Figure 4a & b) with a decrease in mean square error. These 

results are found to be in closer agreement with experimental response data 

(cylindrcity and circularity) with 2.45% and 1.91% error range respectively. 

 
5 Conclusion 
 

 The Statistical analysis for minimization of cylindricity and circularity 

error was performed using Minitab 17 based on Taguchi’s L27 DOE and 
results indicate that the tool material was found to be a predominant factor 

because of its distinct effect on the outcome as per means and S/N ratio 

response table. It was also observed that the response variable was found to 
be improvised at an optimum rate of feed 70 mm/min, speed of 900 rpm and 

Tool Material 1 (Tungsten Carbide 90o) in case of cylindricity while tungsten 

carbide with tooltip angle 90o, 1000 rpm cutting speed, 70mm/min feed rate 

in case of circularity. Here, through interrelation coefficient and convergence 
criteria, 14 different multilayer perceptron Backpropagation Neural Network 

(BPNN) architectures were given training and was tested using the real time 

experimentally obtained data until an optimum model is identified. From the 
different multilayer back propagation neural network architectures, (3-14-2-

2) structure trained on usingLM algorithm indicates the bestfit network 

model. A feasible working was observed through the obtained neural network 
structure, and it indicates a good interrelation between the predicted values of 

the optimum neural network model and the experimentally observed data in 

case ofcylindricity and circularityon using the entire dataset by setting 

confidence level as 95% (=R2). On whole, the prediction of cylindricity and 
circularity from ANN (which includes BPNN) was observed to be in good 

agreement with the experimental results for chosen cutting tool parameters. 

Also, the ANN models which were able to predict the cylindricity and 
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circularity response in the drilling of Hybrid FRP composites lies within 

acceptable error range limits. 
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