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Abstract 
 
The most important soft computing techniques, artificial neural networks 

(ANN) are commonly used for a broad variety of applications covering 

numerous scientific fields. This structure can determine the probability of 

using the match of input and output features in a studying process. This 

technique actually resembles the purpose of biotics neurons, that either 

receives insert or processes them which can provide an appropriate output. 

The important popular multiple regressions have been initially used in this 

purpose however the soft computing methods would be demonstrated as a 

viable substitute to the traditional versions. Though, the soft computing 

versions are more effective which can be often depend on the experimental 

dataset size and it is for a small-sized dataset compared to regression models. 

In the present article, Multi-Layer Perceptron (MLP) and Radial Basis 

Function Neural Network (RBF-NN) models have been developed based on 

two NN models. This study deals with the proposed model which gets 

implemented in the area of mining by the drilling of Titanium alloy.  In 

several processes of  conditions are deployed . The performance associated 

with the thrust force (Fz) and torque force (Mz) is tested with MAPE and 

MSE.  
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2324  V.J.Chakravarthy et al 

The results provide significant in MLP model and superior to the RBF model 

as well as to attain relatively lesser prediction loss for both Fz and Mz 

versions. The observed measurements have demonstrated while the drilling-

based option resulted in an extremely better performance, whereas the 

milling-based option performed much better than other socially and 

environmentally sustainable practices.  

 

 Keyword: Multi-Layer Perceptron (MLP), manufacturing processes, 

Titanium alloy, drilling, Radial Basis Function (RBF) model, Environment 

Friendly. 

 
1 Prelude  
 

Drilling is one of the most common machining processes in 

manufacturing field . New research indicates 25 per cent of the time spent on 

parts for machining and drilling. The increase productivity has been 

containing optimum tool geometry that requires involvement of all 

production operations. Recently, manufacturing, component of titanium alloy 

is generally used for military defense, aeronautics, automotive industries and 

aviation. At higher temperature their specific mixture of properties such as 

greater strength, wear tolerance and chemical depletion tolerance. In past 

years, the drilling of titanium alloy had been investigated with great many 

research outcomes. Many researchers have investigated on the effect of tool 

angles are carried out by tool tip temperature and main cutting force. The 

drilling process in titanium alloy has been employed by conventional drilling 

in the production process. The cutting method relies on the based on 

mechanical analysis were designed by modified drills for titanium. In order 

to lessen the torque and thrust strength, tool geometry modification was 

necessary. The developments of an appropriate cutting factor analytical 

model are challenging. Nikolaos Efkolidis et. al. [1] have studied the 

suitability of different empirical models to predict different factors during 

several cutting processes. The most important soft computing techniques, 

artificial neural networks (ANN) are commonly used for a broad variety of 

applications covering numerous scientific fields. This technique can 

determine the probability of using the two of a kind of input and output data 

in a studying process. This technique actually resembles the role of biotic 

NN,  that collect inputs or process them as well as produce an appropriate 

output. The common type of ANN, namely MLP, has a formation which 

consists of multiple underlying neuronal layers, beginning with an input 

surface and ending from an output sheet. The middle layer is considered 

invisible sheets as well as their amount completely depend across each 

problem’s quality and shape. Almost every node connected to the neurons of 

the layer below by artificial synapses. Each synapse is assigned a weighting 

coefficient, or weight. 
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The successful application of ANN for prediction and modelling purposes in 

several science and engineering domains is substantial by Fang et. al[2]. 

ANN is utilized for modelling and prediction purpose, due to its advantages 

in non-linear response and when the time variability occurs. Osman et. al[3] 

and Letie et. al[4]. have studied the difficulty in inferring input/output 

mapping. Patra et. al [5] have interpreted algorithms for optimization based 

on genetic and evolutionary principles Qin et. al [6] and Cornea et. al [7] are 

performed the best work configuration for the Titanium alloy drill case. The 

effects of NN models such as MLP and RBF were assumed to be akin and 

are also an important figure whether there can be a significant distinction 

inefficiency of approaches in Nikolaos E.Karkalos et.al [8].  These NN 

classifiers are based on various variables as well as the comparison around 

them. It is performed by prediction error-relevant criteria, for both training 

and testing datasets. 

 

                2 Literature Review 
 

During dry drilling of AA2024 aluminum alloy Nouari et. al [9] 

examined the results of drilling represent and device covering on gadget 

wear. V.J. Chakravarthy et. al[10] have analyzed the methodological 

development of mathematical modeling techniques in Healthcare. They 

mentioned that a transformation in instrument wear processes takes place 

after a certain cutting speed due to greater tool wear . They analyzed change 

in wear mechanism for different utensil coating materials. Qiu et. al [11] 

explored the use of higher-presentation drills with a vision for reducing 

cutting power and torque. The Taguchi approach was used to control the 

optimal levels of thrust power and torque minimization process parameters 

during aluminum alloy drilling by Sreenivasulu  et. al [12], Efkolidis et. al 

[13]]. Singh et. al[14] have used an ANN type for measurement of copper 

workpiece tool clothing through drilling. Kumaraguru  et. al [15] have 

investigated analysis of component based  computing. Drill diameter, spindle 

momentum and feedrate were chosen as resources  for  NN and the outputs 

were thrust force, maximum wear and torque. In the case of high speed 

turning, Jurkovic et.  al [16] have analogized carry vector regression, ANN 

and  polynomial regression. Their frameworks would include cutting depth, 

cutting speed, feed rate as inputs and for three output quantities independent 

variables have been created, namely cutting forces, cutting tool life and 

external roughness. Kyratsis et. al [17] have provided solid carbide tools for 

drilling as the experimental studies for the material used were AL7075.  

These data used the Response Surface Methodology ( RSM) as well as 

evaluated the growth of both the thrust energy (Fz) and cutting torque (Mz)  
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with the specific reasons of considerable factors. Neto et al. [18] have 

described frameworks of MLP and ANFIS for hole diameter prediction 

during the drilling of various alloys. Details from diverse sensors such as 

force, acoustic outpouring, electrical energy, and vibration will be used for 

the NN models. During the ball-end milling, Elmounayri et. al [19]  have 

used an RBF type of cutting forces for the forecast. In this case, the RBF 

network was noted to be more effective, reliable, and quicker than the 

classical MLP. Tasai and Wang [20] are presented a comprehensive study of 

various NN types, such as various forms of RBF-NN, MLP, and ANFIS for 

electrical discharge cases.  

 

3 Methods and Materials 
 
  In order to evaluate the drilling of titanium alloy, the developments of 

modified drills are investigated by torque force and thrust force. Drilling 

consists of modified drill and conventional drills. They are used so that 

torque force and thrust force corresponding values. These experiments with 

cutting fluid were managed on a DMV 70v machine center. The samples Ti-

6Al-4V titanium alloy plate used to experiment with a thickness of 60mm. 

Figure.1 represent the modified drills of titanium alloy. The piezoelectric 

type 4- component dynamometers are used by measuring the torque force 

and cutting forces. The KLISTLER charge amplifier is consequently 

amplified the force signals then capturing and storing through an analogue 

and digital interface with a computer. 

 

                                 

 

 

 

 

 

  

 

 

 

Figure.1 Modified drill for titanium alloy 

 

The studies were conducted out on a repeated measures strategy. t can be 

aimed at assessing the increase in shove energy and torque energy  with 

adjusted drills. Table.1 shows two cutting variables, namely cutting speed (v) 

and feed rate (f). We took the cutting speed values of 20m / min, 40m / min, 

30m / min including feed speeds of 0.06mm / rev, 0.12mm / rev and 0.09mm  
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/ rev. The machining parameter are used with their levels are shown in 

table.1 

 
Table.1 Drilling environments for torque tests and drilling force 

 

Factors Levels 

Cutting velocity[M/min] 20, 30, 40 

Feed-rate[MM/rev] 0.06, 0.09, 0.12 

 

 Solid carbide drilling tools have been tightened to a Weldon clamping 

device with great rigidity. During the experimental process,  a mechanical 

vise has been used to fasten the work. Since the type of cutting tools is solid 

carbide non-through coolant. The cutting fluid has been presented near them 

by the distribution network. MATLAB Software was employed to develop 

the model. The network architecture was varied with each system and the 

other settings have been presumed to be identical to the default program 

environment.  

 In the case of MLP and RBF-NN, the optimal amount of invisible 

neurons seems to be crucial. Because it can significantly boost network 

accuracy to a point and it then tends to cause over fitting problems. There is 

no certain methodology in the available literature for the specific reason of 

the accurate amount of invisible neurons. The suggested estimate of the 

number of invisible neurons is 

 n=√Ninp+Nout+α                                                                                  (1) 

 

where,  Ninp is the amount of input neurons,   Nout the amount of output 

neurons, and  α is a amount between zero and 10. 

 At hand, Ninp becomes equal to two, it means that, feed and trimming 

speed and Nout is three that is torque cutting or thrust force. In the present 

analysis, the bottom and superior limit for both the number of invisible 

neurons was between two and 12. However, an examination of the optimal 

value of invisible neurons was carried out with regard not only to MSE, and 

even to MAPE. It is to important maintaining a little error worth for both 

training data and also to avoid the mesh against over fitting, which is 

demonstrated by the inaccuracy in the test data-set. The amount of invisible 

layers varies from one to eight, the choice which is exactly equivalent to 

Equation 's suggestions (1). The influence of random weight initialization,  

each mesh was coached 50 times with the identical settings. In both models 

MLP and RBF-NN, the data types assigned for the network evaluation test 

stage were chosen randomly, which were the same to enable a much more  
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accurate comparison with those frameworks. These frameworks for the thrust 

energy Fz and torque Mz have been built separately.  

 

4 Results and Discussion 
 

 A learning cycle produces the ANN model, which includes three separate 

phases, such as training, testing and validation. The overall input and output 

data are allocated for each point, most typically 70%, 15%, and 15%, 

separately. The schooling affair involves of deciding appropriate weight 

merits compared to specific pairs of input and output data which is an 

incremental method. That method is called error back propagation.  The 

difference between  expected and the real output has been determined in 

output sheet.  The delusion is generated  across the mesh in reverse direction, 

both output and input sheet  during the different iterations. Otherwise spans 

mesh weights were correctly modified to reduce the error. Both the training 

and validation stage involve weight adjustment. The learning affair can be 

stopped if the error does not decrease after a few epochs, the phenomenon 

named the early-stop technique. Eventually, the learned model is tested for 

its generalization capability during the test stage by supplying it with 

uncertain data from the sample of test results. The Mean Squared Error 

(MSE) is  

MSE = 
1

N  ∑
i= 1

N

(Xi + Ai )
2

                           (2) 

 Where N is the amount of data tests, Xi are predicted utility and Ai are 

actual utilities.  

 

 In addition, MAPE may also operate to determine the effects of NN 

models:  

MAPE = 
N

=i i

ii

A

A+X

N 1

||
100%

                       (3) 

Eventually, RBF-NN has been built using a suitable activation function as 

the radial function for a single layered NN model. A Gaussian-type function 

is   

   φ(r) = e
− ε r

2

                            (4) 

 

here ε is a little amount and  r = || x -xj || , the input x and radial base function 

centre  xi. 
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4.1 Multi-Layer Perceptron Models 
 
 An analysis of the optimal neurons in the invisible sheet was carried out 

by Beale  et. al [21]                             
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Figure.2 MLP model for thrust Force (Fz) 

 

   Figure.2 MLP model for thrust Force (Fz) (a) Training and testing data 

for MSE (b) Training and testing data for MAPE (%) 

From the figure.2, the MSE for the tutoring data-set was usually 

decreasing in the case of the thrust force type with an improvement in the 

number of invisible neurons. The MSE became extremely small for models 

with over five neurons. So this model can replicate the training dataset with a 

high degree of accuracy. A similar circumstance has been perceived in 

MAPE. MAPE would become extremely small for the coaching data set of 

meshes with even more than 4 neurons in the invisible sheet.  
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However, type 5 neurons in the invisible sheet has lowest, MAPE was 

obtained for the test data set. 

 

 

                                   

 

 

 

 

                                       

 

 

                 

(a) 

 

 

 

 

 

                 

 

 

 

(b) 

 
Figure.3 MLP model for torque (Mz) 

 

  Figure.3 MLP type for torque (Mz):  (a) Training and testing data for 

MAPE (b) Training and testing data for MAPE (%) 

  From the Figure.3, the increasing neuron invisible layer had been 

decreasing in torque model , especially for models of more than 6 neurons in 

the invisible layer. Nonetheless, 4 invisible neurons the lowest value of MSE 

was obtained for  test data set. About MAPE, for the type with 7 neurons in 

the invisible layer the lowest value for the testing dataset was obtained,  

whereas  6 neurons in the invisible layer, the lowest value for the evaluation 

data set obtained. In fact, error values for the Mz model were found to be 

significantly greater than those of the Fz model. 

 

4.2 Radial Basis Function NN Models  
 

 We stated the section on materials and techniques, as in case of RBF-

NN models, the optimum number of neurons is to be found. In the case of 

thrust force, for the RBF-NN models can be observed from Figure.4 

increasing amount of invisible neurons which MSE the training set  
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decreased. It was not significantly reduce for the MLP types El-Mounayri  et. 

al [19]. MSE was the base for model for 7 neurons in an invisible layer for 

research data collection.  It was observed in the training dataset with MAPE. 

It should be noticed that MAPE 's importance for both the training and 

testing dataset. It has been greatly decreased for models of more than three 

neurons. However, it has not been found to a comparable degree in the case 

of MLP frameworks at least in the test data-set.         
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Figure.4 RBF-NN thrust model Force (Fz) 

 

Figure.4 RBF-NN thrust model Force (Fz) (a) MSE training and testing 

data (b) MAPE (%) training and testing data. As for the cases of torque (Mz), 

these were found from Figure 5 that the optimal configuration would be one 

with eight neurons in the invisible layer, indicating for test dataset as lower 

MSE and MAPE. So it can be stated that even a slightly bigger amount of 

invisible nodes compared to MLP designs has been required for RBF-NN 

models. 
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Figure.5 RBF-NN torque model (Mz) 

 
 
 

Figure.5 RBF-NN torque model (Mz) (a) MAPE training and test data (b) 

MAPE (%) training and test data.Based on the results of the chosen trimming 

variables such as cutting speed and feed-rate, the thrust energy and cutting 

torque predictive types were evolved using ANN via the implementation of a 

complete factorial experiment method. The best model from each system was 

chosen for comparison, their efficiency measured using the same parameters 

as shown in Table. 2. In RBF-NN model and MLP , the total MAPE had 

been selected as the comparison criterion between the two models for each 

case. 
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Table 2: Comparison of error values for MLP and RBF-NN models 

 

Model MAPEtotal (Fz) MAPEtotal (Mz) 

MLP 0.30% 0.96% 

RBF-NN 0.98% 4.13% 

 

 In the two NN models, MLP model is minimum MAPE in any 

situations, accompanied by RBF type. These models of MLP are simply 

superior to the model of RBF and also have higher than RBF model. 

  

5 Conclusion 
 
 In this paper, various methods for modeling in a drilling process were 

compared, such as NN models to calculate the most precise and systematic. 

Such types have developed under varying process conditions in the drilling 

of Titanium alloy. As for the NN models, the MLP type with 4 invisible 

neurons found to be more suitable for MLP model with six invisible neurons 

and thrust force prediction were more suitable for cutting torque prediction. 

In comparison, a higher amount of invisible neurons has been found to 

contribute and improved precision of the RBF-NN test, including 7 and 8 in 

the thrust energy and torque situations, individually. Thus, we can be 

suggested MLP model is most suitable for modeling torque and thrust force. 

Further, the RBF-NN model shows the drilling is more efficient in 

implementing sustainable manufacturing objectives.  
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