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Abstract 

Cutting parameters in drilling operations have a significant impact on drill wear and workpiece dimension changes. The work 

presented here deals with the optimization of cutting parameters in drilling operations to minimize flank wear to utilize long life. The 

optimization model utilizes genetic algorithm. In the present model, drilling process parameters (i.e. cutting speed (v, rpm), feed (f, 
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mm/min), depth of cut (d, mm)and torsional-axial amplitude ratio(Tp1/Tp2)) are considered as variables. A semi-empirical relation 

between the variables and flank wear is derived by conducting experiments followed by regression analysis. The derived semi-

empirical relation is thenused in the optimization process to find the optimum parameters. The results arevalidated by conducting 

more experiments. The reported results show that for the given bounds on the variables, the optimization framework is able to 

produce drilling parameters with minimum flank wear and extension of life of drill tool decided through monitoring hole quality by 

Surtronic182 surface roughness measurement. 

 

Keywords: Drilling, tool wear, genetic algorithm, torsional-axial vibrations, surface roughness 

 

Introduction 

Monitoring tool wear and the cutting area during the drilling process is not easy: The development of robust and 

semi-empirical methods to make the drilling operation a fully automated machining process is therefore desirable 

[1]. The literature has identified two possible ways of utilizing tools that affect the drilling process: (a) 

underutilization of a tool which results in frequent tool change and longer machine downtime, thereby reducing 

the system productivity and increasing the cost. (b)  over utilization of a tool, which affects, the work-piece 

quality, surface finish and dimensions and disrupts the automated drilling process. From these studies, one can 

conclude that tool condition monitoring systems are imperative for the measurement of the progress of tool 

wear along with surface roughness measurement. 

Kaye et al. developed a unique technique for on-line prediction of tool flank wear in turning using spindle speed 

changes. An optical encoder was mounted on the spindle shaft and interfaced with an IBM compatible 
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microcomputer [2]. The varying spindle speeds were compensated for lathe transmission ratio, the electrical 

configuration of the lathe’s motor and the torque-speed relationship of the machine.  Cus et al. concluded that 

mathematical model development using cutting conditions required for complex optimization of the machining 

process in the right way leads to product quality via a process quality [3]. Ertunc and Loparo proposed methods to 

monitor on-line tool wear conditions in drilling operations. The proposed monitoring methods use information 

about force signals (thrust and torque) and power signals (spindle and servo). They concluded the work by stating 

that Hidden Markov Models offer a promising approach to monitor real-time drilling operations [4].  

 

Jen et al. studied the torsional–axial effect during drilling. The effect manifests itself during the material removal 

processes as plastic deformation of the workpiece and friction at the drill-chip interface [5]. Roukema and Altintas 

developed a mathematical model of the torsional-axial chatter vibrations in drilling. The drill was modeled as a 

pre-twisted beam that exhibits axial deflections due to torque and thrust loading. A mechanistic cutting force 

model was used to model the thrust and the torque as functions of the cutting parameters namely, feed rate, 

speed, radial depth of cut and drill geometry [6]. Al-Sulaiman et al. developed a reliable method for online tool 

condition monitoring. The power required to run the spindle motor was nullified and only the power for actual 

drilling was noted. The effects of drill diameter, speed and feed rate on tool wear during drilling was studied [7]. 

Brozek determined the relationship between tool life and cutting speed through cutting condition optimization 

for achieving a minimum production cost criterion. The developed mathematical models for the surface 
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roughness using response surface methodology. Author have concluded and listed that the parameters cutting 

velocity, feed, rake angle and nose radius of the cutting tool affects the surface finish [8]. 

 

Roukema and Altintas developed a time-domain model of the torsional-axial vibrations in drilling. The drill rotates 

and feeds axially into the workpiece while the structural vibrations are excited by the cutting torque and thrust 

[6]. The drill edge location has been predicted using the kinematics model, and the generated surface is digitized 

at discrete time intervals. The distribution of chip thickness, which is affected by both rigid body motion and 

structural vibrations, is evaluated by subtracting the presently generated surface from the previous one. The 

model also considers cutting coefficient nonlinearities, tool jumping out of cut and overlapping of multiple 

regeneration waves. Teti et al. reviewed the present trends in sensor monitoring of machining operations. They 

concluded that very few achievements found actual application because of the difficulty, sophisticated usage of 

these techniques and methods [11]. The main challenges of machining process monitoring systems are the 

development of algorithms and paradigms based on wavelet transform, neural networks, etc. really autonomous 

from machine tool operators   

 

Agrawal et. al. have compared influence of cutting conditions on surface roughness with mathematical model 

obtained through regression models [15]. Ratava et al. (2017) discussed a model to classify tool breakage based 

on the depth of cut, the feed rate and an estimate of tool displacement. They concluded that the method was 
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relatively simple and classified correctly over 80% of the experimental samples [12-13], The prospects for a real-

time implementation of the method are promising. However, notable cluster of failures was the combination of 

high cutting speed with a low depth of cut. Antic et al. developed a tool wear monitoring strategy that relies on 

novel texture-based descriptors. They consider the module of the Short Term Discrete Fourier Transform spectra 

obtained from the particular vibration sensors signal utterance as the 2D textured image. They validated this 

methodology by conducting experiments on real-time TCM system [13]. 

 

EN24 steel with 40% carbon content is widely used in machinery, automobile and aero components such as brake 

drums and sprocket wheels due to its specific properties such as abrasion resistance, high toughness, improved 

fatigue strength and capability of operating at elevated temperatures [14-15]. However, drilling operations are 

tremendously challenging as variation in the cutting parameters leads to an increase in heat around the cutting 

edge of the drill. It may subsequently cause the drill to abruptly change its status and leads to the failure of the 

cutting tool. Hence, drilling of hard materials more than the expected periodtime of replacement can possibly be 

accomplished through optimum cutting parameters. The present work is motivated by this premise.A Genetic 

Algorithm (GAs) has been implemented to optimize the drilling process parameters along with the torsional-axial 

amplitude ratio to minimize the flank wear. 

 

GAs are adaptive heuristic search algorithms Deb (2014). GAs are based on the concept of natural selection and 
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genetics. They solve optimization problems by intelligently exploiting random search methods. Even though they 

use random numbers, GAs areby no means random themselves; instead, they use the information from the 

previous generation to direct the search into the region of better performance within the search space. GAs 

follow the principle of ‘survival of the fittest’. GAs can solve multi-objective, single objective, multi-variable, 

multi-constraint problems and also problems with multiple solutions. Since GAs are independent of the type of 

objective function, they can be implemented in solving multi-dimensional, non-differential, non-continuous and 

even non-parametric problems. GAs may offer a solution where typical search and optimization techniques, such 

as linear programming and others fail for problems dealing with a large state-space, a multi-modal state-space, 

or n-dimensional surface: see Vasudev et al. Surface quality is evaluated through surface roughness 

measurement most accepted approach by Joshi et. al [16-21]. This paper utilizes GAs approach for identifying 

suitable cutting conditions during drilling hard materials. Further the parameters are monitored through 

received vibration signals in Sound and Vibration software of LabView and workpiece hole quality through 

measurement of surface roughness. The following sections are detailing about Basic formulation of the 

mathematical model, Optimization problem, Solution by GA, Experimental setup and optimization results.  

 
Basic formulation of the mathematical model 

The 27 experimental datasets reported in the author’s previous work have been used to form a mathematical 

model based on multiple regression analysis (using the least square method). Friedman and Field (1974) have 

suggested a relationship between the cutting tool life (T) and the cutting independent process parameters speed 



Nat. Volatiles & Essent. Oils, 2021; 8(4): 11869-11896 
 

11875 
 

of cut (v, rpm), feed rate (f, mm/min), and depth of cut (d, mm)using Taylor’s equation as follows: 

1 2 3

0

p p pT v f d=                     (1) 

whereβ0 is a coefficient and p1, p2, and p3 are constants that depend on the mechanical properties of the 

material being machined.Following Taylor’s equation, one can form a relation for wear on the flank is 

proportional to the area of flank wear scar at time t can be expressed as  

W = W0 + ΔW                     (2) 

whereW0 is the initial wear, ΔW is the increase in wear and can be given as ΔW = β0vp1fp2dp3tp4, v, f, and d are the 

cutting speed, feed rate and depth of cut respectively. Following the process as mentioned in Nakandhrakumar et 

al. [18], the following relationship between flank wear and vibration amplitude ratio has been derived 

0.58

1 1.13 0.92 1.052

2

0.04 0.0000016
p

p

T
W v f d

T

 
= + 

 
              (3) 

Eq(3) has been programmed in Matlab and calculated the flank wear values for the set of variables considered in 

the 27 experiments. The comparison with experimental values of flank wear with the Eq(3) has a mismatch with a 

certain set upto 55%. Therefore, it is necessary to relook the formulation, to reduce the error. After some 

mathematical manipulations, we conclude that the following equation for flank wear performs better than Eq(3). 

0.58

1 1.128 0.92 1.092

2

0.0107 0.0000638
p

p

T
W v f d

T

 
= + 

 
                                                                            (4)
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Optimization Problem 

The optimization problem treated in this paper consists of minimization of flank wear subject to constraints on 

drilling process parameters and vibration amplitude ratio. Eq (4) has been used to compute the objective function 

which is flank wear. The problem may be stated as follows: 

Minimize F = W (Tp1/Tp2, v, f) subject to constant d = 11mm 

x1 = Tp1/Tp2 (Amplitude ratio Torsional-axial vibrations amplitude) 

x2 = v (Cutting Speed, rpm)  

x3 = f (Feed, mm/min) 

x4 = d (depth of cut, mm) 

and 

xL1 = 20, xL2 = 800, xL3 = 0.07, xL4 = 11, xU1 = 100, xU2 = 1000, xU3 = 0.12, xU4 = 11 

wherexLi, xUi are the lower and upper bounds of the ith variable 

 

Solution by GA 

The flowchart in Figure (1) provides an overview of GA-based optimization. The method, specialized to the 

problem described above is discussed below. 
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Figure 1: Flow chart of complete optimization process 

 

Step1: Generate Initial Configurations 

A set of p initial population C(j) will be generated using  
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xi
(j)

= xLi + α(xUi − xLi)                   (5) 

wherep is population size (=100), α is a random number between 0 and 1, generated every time Equation(5) is 

used. In other words, the application of this equation requires the generation of 4p random numbers α. 

 

Step 2: Sort Initial Configurations 

Compute the flank wearW(j)  using Equation (4) of each of these p and arrange these configurations using ‘non-

dominated sorting’ technique (Deb 2014). This set of configurations -after sorting is called the parent population. 

 

Step 3: Tournament Selection 

Tournament selection involves randomly choosing k numbers between 1 and p and then choosing the minimum 

of those k numbers. Typically, k = 4 is adopted. To this end, four random numbers βk (k = 1, . . . ,4) between 0 and 

1 are generated and used to calculate qk = ceil(pβk) where ceil(x) sets x to the nearest integer towards infinity. 

The result of tournament selection is T = min(q1, q2, q3, q4). This process is repeated p times to obtain the 

tournament selection vector. 

 

Step 4: Generate Child Population  

Generate once again a random number α between 0 and 1. 
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4.1 Crossover 

If α ≤ α̅ then generate two new configurations using 

δi = (2γi)
1

η+1(if γi < 0.5); δi = 1 [2(1 − γi)]⁄
1

η+1 (if γi ≥ 0.5)              (6) 

l = l + 1; xi
(l)

= 1

2
{(1−δi)xi

(q1)
+(1+δi)xi

(q2)
}exit step 4 if l = p               (7) 

l = l + 1; xi
(l)

= 1

2
{(1+δi)xi

(q1)
+(1−δi)xi

(q2)
}exit step 4 if l = p               (8) 

Where γi
(i = 1,2,3) random numbers generated each time Equations (6, 7, 8) are used. Clearly, if there are four 

variables, i.e. N = 8, one would need 8 values of γifor these two configurations. We will repeat this step until the 

number of configurations generated is equal to the size p. 

 

4.2 Mutation 

If α ≥ α̅ then generate a new configuration using 

δi = (2γi)
1

η+1 − 1 (if γi < 0.5); δi = 1 − [2(1 − γi)]
1

η+1(if γi ≥ 0.5)             (9) 

l = l + 1; xi
(l)

= xi
(q1)

+ δ(xUi − xLi)exit step 4 if l = p             (10) 

Where α̅ = 0.8 and  η = 20 have been used in this work. At the end of step 4, we have p new configurations 

called child population. 
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Step 5:  

Compute the flank wear W(j) of each of these p new configurations and construct a set of 2p configurations by 

appending the new set in Step 4 to the set in Step 1. And reorder these 2p configurations as was done in Step 2 

and consider the first p configurations and remove the rest. With these new p configurations go to Step 3 and 

proceed for next iteration till the flank wear of the first configuration, does not decrease further with an assumed 

tolerance. This will then be the best configuration. 

 
Experimental setup 

An illustrative representation of the experimental set-up is reported in Figure (2). The experimental set-up used 

in this work is similar to that of the one reported in the author’s previous work. ACE Micromatic CNC Vertical 

Machining center as shown in Fig.2 has been used in this study in contrast to the 3 HP, HAAS machine without 

coolant [19, 22]. To verify the results of the optimization simulation, we considered a circular workpiece of 

material AISI 1040 carbon steel with 120 mm diameter and 11 mm thickness. The chemical composition and 

material properties have been reported in Tables 1 and 2 respectively. The samples were maintained with the 

hardness of 30.9 HRC. High-speed steel (HSS) twist drill of 6 mm diameter was used. The geometry of the drill bit 

is listed in Table 3 and its chemical composition is listed in Table 4. All experiments were carried out under dry 

cutting without coolant conditions. A special CNC program was run to track vibration signals as a function of 

wear. The vibration signals were measured in (transverse) Y-direction using Kistler (8636C50 model) 
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accelerometer sensor which is positioned at the center of the plate for all drilling operations of Pitch Circle 

Diameter (PCD) 60. 

 

 
Figure 2: Illustration of Experimental setup 
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Table 1: Chemical composition of the workpiece 
Chemical 

composition 
C Ni Cr Mo S Mg Si P 

Weight % 
0.3
8 

1.3 
1.0
2 

0.2 
0.04

7 
0.2 

0.2
5 

0.03
4 

 
Table 2: Workpiece Mechanical properties 

Tensile 
strength 
(MN/m2) 

Yield stress 
(MN/m2) 

Density 
(Kg/m3) 

Elongation 
(%) 

Brinell 
Hardness 

905 742 7430 4.64 284 

 
Table 3: HSS drill geometric parameters 

Drill diameter 
(mm) 

6 
Flute length 

(mm) 
57 

Overall length 
(mm) 

93 
Point angle (o) 118 
Helix angle (o) 25 
Flutes/Flute 

type 
2/Parabolic 

Shank type Straight 
cylindrical  

Table 4: Chemical composition of HSS drill materials 
Chemical 

composition 
W Mo Cr V C Mn Si Cu Pb Ni P S Al Ti 
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Weight % 6.169 5.057 4.198 1.97 0.9 0.363 0.24 0.175 0.073 0.055 0.016 0.015 0.07 0.009 

 
Data acquisition card (NI-DAQ 9133) is used to convert the received analog vibration signals into digital signals 

with a sampling of 25 kHz and interfaced with a personal computer. The signals once received in the computer 

system will be processed using LabVIEW software to track the torsional-axial vibration amplitudes. The machine 

was stopped after drilling till the vibration amplitude ratio values match with that of the optimum value and the 

drill bit will be removed from the spindle to measure the flank wear using the tool maker’s microscope (Model 

176-811E) at 15× magnification. The flank wear will be calculated as the average of the measured values at 4 

locations on the drill bit (2 on each side) as shown in Figure (3). The entire process of the experiment has been 

presented in a block diagram in Fig. (4) 

 

The number of experiments was reduced to 4 in this work as we are validating only the results from the 

optimization process. A detailed study on the formation of semi-empirical relation between tool flank wear and 

drilling parameters has been carried out.  
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Figure 3: Flank wear measurement on tool tip 
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Figure 4: Flow chart of complete experiment process 

 
The Gauge range of Taylor HolbsonSurtronic 128 is 200μm/100μm/10μm which is used for hole surface 

measurement and monitoring of drilled holes.Maximum allowed surface roughness(Ra) value during drilling 

process is 1.60μm as ASM standards.  
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Results and Discussions 
 
Validation of Mathematical models 
 
A comparative study of Eq (3), Eq (4) and the experimental values of flank wear has been reported in Table 5. Eq 

(4) is performing better than Eq (3) for all sets of variables. The highest deviation of Eq (3) from that of the 

experimental values of flank wear is 55% for the set (v = 1000 rpm, f = 0.125 mm/rev, d = 14 mm), whereas, the 

same with that of Eq (4) has been recorded as 34%. Similarly, the highest deviation of Eq (4) with the 

experimental values of flank wear has been recorded for the following set (v = 900 rpm, f = 0.089 mm/rev, d = 9 

mm) as 35% whereas, Eq(3) results in 28% deviation for the same set. From the table, it is also evident that the 

overall average deviation of Eq (3) and Eq (4) from the experimental values was recorded as 22.66% and 17.26% 

respectively. A sharp reduction of 5% can be noticed, thus, proving the better performance of Eq (4) over Eq 

(3).Figure (5) shows the comparison between the values calculated by Eq (3), Eq (4) and the experimental values 

of flank wear. 

Table: 5 Comparison of flank wear values calculated by Eqs (3) & (4) and the experimental values
 

v 
(rev/min) 

f 
(mm/rev) 

d 
(mm) 

Tp1/Tp2 W (mm) Error % 
Eq(3) & 

Measured 

Error % 
Eq(4) & 

Measured 
Measured Eq (3) Eq (4) 

800 0.089 9 18.2 0.22 0.218555 0.200456 3.7 13.1 

800 0.089 11 34.6 0.32 0.316517 0.257925 14.6 12.2 

800 0.089 14 40.4 0.36 0.347085 0.318315 27.7 6.3 
800 0.125 9 13.2 0.21 0.183192 0.239208 25.4 14.9 
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800 0.125 11 17.5 0.276 0.216003 0.294596 28.4 21.8 

800 0.125 14 23.2 0.32 0.255003 0.376395 26.7 23.3 
800 0.15 9 10.7 0.21 0.163538 0.268686 53.4 29.7 

800 0.15 11 15.4 0.256 0.201994 0.334097 27.7 14.7 
800 0.15 14 13.6 0.292 0.190323 0.415375 7.0 26.0 

900 0.089 9 13.9 0.24 0.18788 0.209129 27.9 35.5 

900 0.089 11 39.1 0.364 0.340061 0.288771 23.5 13.2 
900 0.089 14 47.3 0.487 0.380571 0.359218 12.0 2.4 

900 0.125 9 13.7 0.232 0.187733 0.267371 18.8 1.2 
900 0.125 11 32.4 0.344 0.307143 0.352528 26.5 17.6 

900 0.125 14 48.4 0.461 0.387817 0.455586 23.3 15.0 

900 0.15 9 15.5 0.256 0.20223 0.310906 19.7 13.6 
900 0.15 11 25.6 0.333 0.26991 0.391944 20.0 4.6 

900 0.15 14 44.6 0.445 0.371747 0.515543 6.3 14.9 
1000 0.089 9 15.9 0.244 0.203288 0.233243 18.7 16.9 

1000 0.089 11 38.7 0.36 0.33866 0.303287 26.9 24.3 
1000 0.089 14 48.6 0.46 0.387272 0.393402 24.2 9.9 

1000 0.125 9 11.8 0.22 0.173248 0.290822 21.6 10.0 

1000 0.125 11 26.3 0.34 0.273686 0.377601 46.2 32.6 
1000 0.125 14 43.3 0.444 0.365125 0.493792 55.2 34.0 

1000 0.15 9 9.2 0.222 0.151814 0.329736 23.6 23.4 
1000 0.15 11 11.4 0.268 0.172628 0.406157 3.7 13.1 

1000 0.15 14 39.4 0.43 0.34787 0.561517 14.6 12.2 

Average Error % 22.6 17.2 
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Figure 5: Comparison of Eq (3) and Eq (4) with experimental values of flank wear 

 
 
Optimization Results   
 
The minimization of tool flank wear problem carried out for a single depth of cut (d = 11mm) and 4 different 

speeds of spindle namely v = 850, 900, 950, 1000 rpm. The optimum results are reported in the table (6). From 

tables 1 and 6 it is evident that the flank wear for 11 mm depth of cut has been reduced for the optimum 

parameters [22-26]. The flank wear value noticed for 11 mm depth of cut with 900 rpm as the speed of spindle 

and 0.089, 0.125, and 0.15 mm/rev are 0.364, 0.344, and 0.333 respectively. The reduction in flank wear through 

experiments is 41%, 38%, and 36% respectively. It is also clear from Table 6 that Eq. (4) is performing better than 

Eq. (3) even for optimum values. Table 7 lists the comparison of optimum results with that of the results reported 
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in Nakandhrakumar et al. 2019. Eq. (3) overestimates the flank wear values whereas Eq. (4) estimates 

appropriately. 

 

Fig. 6 show the typical raw vibration signals in time domain accelerations and the corresponding frequency 

spectra while various wind velocities oscillate the different cross-sections of the mast in the range wind velocities 

from 3.7 m/s to 7.9 m/s. Therefore, all the observed vibration signals have been analyzed to extract their 

parameters in the time domain and frequency domain. As can be seen, the nature of the acquired vibration signal 

is complicated for categorizing using time-domain for various cross-sections being very similar across the record. 

This time trace approach produced nonlinearities in amplitude variations that arising out of excessive vibration as 

a result of the increase in wind velocities from the wind tunnel. 

 
Table 6: Optimization results 

v 
(rev/min) 

f 
(mm/rev) 

d 
(mm) 

Tp1/Tp2 W (mm) Error % 
Eq(3) & 

Measured 

Error % 
Eq(4) & 

Measured 
Measured Eq (3) Eq (4) 

850 0.078 11 22 0.195 0.244147 0.229595 20.1 15.0 
900 0.0734 11 28 0.212 0.28025 0.240634 24.3 11.9 

950 0.079 11 30 0.249 0.292071 0.266507 14.7 6.5 
1000 0.079 11 65 0.265 0.455086 0.301303 41.7 17.5 
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Table 7: Comparison of results 

v 
(rev/min) 

f 
(mm/rev) 

d 
(mm) 

Tp1/Tp2 
W (mm) 

Measured Eq (3) Eq (4) 

900 
 

0.089 
(0.0734) 

11 
39.1 
(28) 

0.364 
(0.212) 

41% 

0.340061 
(0.28025) 

17% 

0.288771 
(0.24063) 

16% 

0.125 
(0.0734) 

11 
32.4 
(28) 

0.344 
(0.212) 

38% 

0.307143 
(0.28025) 

8% 

0.352528 
(0.24063) 

31% 

0.15 
(0.0734) 

11 
25.6 
(28) 

0.333 
(0.212) 

36% 

0.26991 
(0.28025) 

-3% 

0.391944 
(0.24063) 

38% 

1000 

0.089 
(0.079) 

11 
38.6 
(65) 

0.36 
(0.265) 

26% 

0.33866 
(0.45508) 

-34% 

0.303287 
(0.30130) 

3.8% 

0.125 
(0.079) 

11 
26.3 
(65) 

0.34 
(0.265) 

22% 

0.273686 
(0.45508) 

-66% 

0.377601 
(0.30130) 

20% 

0.15 
(0.079) 

11 
11.4 
(65) 

0.268 
(0.265) 

1% 

0.172628 
(0.45508) 

-163% 

0.406157 
(0.30130) 

25% 
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Figure 6: Time domain and their respective spectral plots of acceleration captured by accelerometer and 
corresponding surface roughness measured through Taylor HolbsonSurtronic 128 for cutting speed 850 rpm, feed 
0.078mm/rev and doc 11 mm 

(a) Hole 10 – Time domain , FFT and surface roughness Ra   (μm) of 0.20 
(b) Hole 120 - Time domain , FFT and surface roughness Ra   (μm) of 0.80 
(c) Hole 240 - Time domain , FFT and surface roughness Ra   (μm) of 1.10 
(d) Hole 350 - Time domain , FFT and surface roughness Ra   (μm) of 1.70 

 

Fig. 6 shows that Time domain signals and their corresponding Fast Fourier Transformation (FFT) plot received 

during experiments. Additionally during surface roughness plots are captured after drilling Hole number 10, 120, 

240 and 350 by removing the plate from chuck. Measured values of RMS Amplitude in m/s2 and hole surface 

roughness (μm) are tabulated in the Table 8. Surface roughness value reaches the maximum of 1.70 μm during 

drilling hole number 350 and measured flank wear of drill is 0.46mm. Hence, no more holes are drilled. Drilling 

operation is stopped for the replacement of drill.  

Table 8: RMS Amplitude of FFT plot and Surface roughness (Ra) 

Hole 
Number 

RMS Amplitude 
(m/s2) in FFT 

plot 

Surface 
Roughness (Ra – 

μm) 
Hole10 0.011 0.20 

Hole 120 0.035 0.80 
Hole 240 0.15 1.10 

Hole 350 0.325 1.70 
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Fig. 7.Graph to be plotted between number of holes and RMS Amplitude for two different cutting conditions  
 
Fig. 7 is plotted between number of holes drilled and RMS amplitude of vibration signals. Overall picture shows 

that while drilling carried with low speed of 800 rpm and feed rate 0.078 mm/rev , then maximum of 270 holes 

were drilled. At the same time drilling carried through optimum speed of 850 rpm and feed rate 0.078 mm/rev 

then maximum of holes drilled are increased upto 350.  

During low speed conditions till 250 holes drill wear measured was 0.37mm. At the end drill wear increases 

suddenly to reach 0.45 mm of maximum drill wear. In the case of optimum speed condition, drill wear measured 

was 0.36mm till 325 holes and beyond 325 to 350 holes it’s increases to 0.47 mm. So, optimum conditions help to 

drill more number of holes and which increases life of drill.  
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Conclusion 
 
In this work, a modified semi-empirical methodology has been reported for the computation of drill flank wear. 

This methodology is found to be more reliable for estimating drill flank wear than the previous methodology 

proposed by the authors. An optimization problem has been formulated to optimize the drilling operation 

parameters while considering the minimization of drill flank wear as the objective function. The results proved to 

be promising. The torsional-axial vibration amplitude ratio is a good indicator to predict and monitor the drill 

flank wear. Experiments also have been carried out successfully to validate the optimization results. During 

experiments, it is observed that the first peak (Tp1) and the second peak (Tp2) are highly sensitive to the drill flank 

wear and failure. Drill life increases while drilling carried with optimum cutting conditions according to the GA 

algorithm followed.  
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