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Preface 

Optimization may be defined as finding the solution to a problem where it is necessary 
to maximize or minimize a single or set of objective functions within a domain which 
contains the acceptable values of variables while some restrictions are to be satisfied. 
There might be a large number of sets of variables in the domain that maximize or 
minimize the objective function(s) while satisfying the described restrictions. They 
are called as the acceptable solutions, and the solution which is the best among them 
is called the optimum solution to the problem. An objective function expresses the 
main aim of the model which is to be either minimized or maximized. For example, in 
a manufacturing process, the aim may be to maximize the profit or minimize the cost. 
In designing a structure, the aim may be to maximize the strength or minimize the 
deflection or a combination of many objectives. The use of optimization techniques 
helps the engineers in improving the system’s performance, utilization, reliability, 
and cost. 

An international conference on “Advanced Engineering Optimization Through 
Intelligent Techniques (AEOTIT 2022)” was held during January 28–30, 2022, at 
Sardar Vallabhbhai National Institute of Technology, Surat, India. The objective of the 
conference was to bring together experts from academic institutions, industries, and 
research organizations and professional engineers for sharing of knowledge, exper-
tise, and experience in the emerging trends related to advanced engineering optimiza-
tion techniques and their applications. There had been an overwhelming response to 
the call for papers. More than 200 research papers were received from the researchers 
and academicians of the leading institutes and organizations. However, only 66 good-
quality papers have been selected based on the recommendations of the reviewers 
for inclusion in the proceedings. These papers have covered various intelligent opti-
mization techniques including meta-heuristics, neural networks, decision-making 
methods, and statistical tools.
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viii Preface

We are extremely thankful to the authors of the papers, national and interna-
tional advisory committee members, sessions chairmen, faculty, and staff members 
of SVNIT, Surat, and CUT, Cracow, and student volunteers for their cooperation and 
help. We are grateful to the team members of Springer Nature for their support and 
help in producing these proceedings. We are confident that these proceedings would 
benefit the optimization research community. 

Surat, India 
Cracow, Poland 

Ravipudi Venkata Rao 
Jan Taler
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Process Parameters Optimization 
by Taguchi Method and Whale 
Optimization Algorithm of Lathe 
Turning on EN24 Steel for Prediction 
of Surface Roughness 

Abhishek Sakat, Amit Sonar, Sanket Ghodake, Rohit Mule, Atul Kulkarni, 
Prashant Anerao, and Shailendra Ambatkar 

1 Introduction 

EN24 steel is a common steel used in industry. A large number of studies have 
been conducted to determine the optimal machining settings for EN24 steel [1]. 
Taguchi and Konishi devised the Taguchi technique, which is a statistical method. 
It was originally created to improve the quality of produced items, but it has since 
been applied to a wide range of engineering sectors, including biotechnology and 
others. The Taguchi method entails identifying appropriate control parameters in 
order to get the best possible process results. A set of tests is carried out using 
orthogonal arrays (OA). The data from these experiments is analysed, and the quality 
of the components created is predicted. For further optimization of the parameters, 
metaheuristic algorithm like the whale optimization algorithm is used. 

2 Process 

The machining of EN24 is carried out on an ACE Micromatic CNC machine with a 
PCLNL tool holder, and a HSS tool is used. The other end of material is centre-bored 
using centre drill. After that, according to the design of experiment different levels of 
parameters are set to get numbers of run. The workpiece was given initial roughness 
pass. Statistical analysis of obtained data was carried out using Taguchi optimization
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technique. A Surftest Mitutoyo SJ-201 Series 178-Portable Surface Roughness Tester 
is used to get the response variable, i.e. the surface roughness. 

2.1 Identify the Control Factors and Their Levels 

Experiments were designed using Taguchi method which uses an OA to study the 
entire parametric space with a limited number of experiments. In the present research, 
two parameters (factors) were chosen such as speed and depth of cut. All of them 
were set at three different levels. Spindle speed at 200, 350 and 500 rpm, feed at 0.5, 
1, 15 mm/rev and depth of cut at 1, 1.5, 2 mm, respectively. 

2.2 Conducting the Experiment 

According to Taguchi’s orthogonal array theory L9 orthogonal array is adopted for 
the whole experimentation for turning operation of mild steel. In accordance with 
above OA, experiments were conducted with their factors and their level as mentioned 
in Table 2. The surface roughness was measured using the surface roughness tester. 
Table 3 shows the measured values of surface roughness obtained from different 
experiments. 

Table 1 L9 array with values of response variables 

Sr. no Spindle speed (RPM) Feed rate (mm/min) Depth of cut (mm) Surface roughness 
Ra (µm) 

1 200 0.5 1.0 2.51 

2 200 1.0 1.5 7.12 

3 200 1.5 2.0 12.92 

4 350 0.5 1.5 2.53 

5 350 1.0 2.0 4.98 

6 350 1.5 1.0 6.27 

7 500 0.5 2.0 1.87 

8 500 1.0 1.0 2.62 

9 500 1.5 1.5 5.24 

Table 2 Current best solution 

Sr. No Spindle speed (RPM) Feed rate (mm/min) Depth of cut (mm) 

7 500 0.5 2.0
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Table 3 Results from S/N 
ratios and WOA 

Parameter Results from S/N 
ratio 

Results from WOA 

Spindle speed 500 500 

Feed rate 0.5 0.5 

Depth of cut 1 1 

Surface roughness 1.50256 1.3396 

Figure 1a–c shows the effect of the cutting parameters on the surface roughness. 
From Fig. 1a, we can infer that as the spindle speed increases the surface roughness 
decreases. This is inverse in the case of feed rate as shown in Fig. 1b and depth of 
cut as shown in Fig. 1c, whereas the feed rate and depth of cut increase the surface 
roughness also increases. But in case of feed rate, the slope of the curve is more so 
we can infer that feed rate increases the surface roughness more as compared to the 
depth of cut.

3 The Whale Optimization Algorithm 

3.1 Hunting Technique of Humpback Whales 

Whales are magnificent creatures. Whales are among the world’s largest mammals. 
An adult whale can reach a length of 30 m and a weight of 180 tonnes. Killer whales, 
Minke whales, Sei whales, humpback whales, right whales, finback whales and blue 
whales are among the seven primary species of this enormous mammal. Whales are 
mostly considered predators. Whales are considered highly intelligent animals with 
emotion [1–7]. 

Humpback whales have a unique hunting technique due to their size and weight. 
This hunting technique is called as bubble-net feeding method. The bubble-net 
feeding method is a cooperative feeding method used by groups of Humpback whales. 
As whales are known to communicate with each other through vocalization, they also 
share and coordinate in this manoeuvre and efficiently execute the bubble-net so they 
can all feed. During the feeding process, the group circles a school of small fish and 
they use a team effort to disorient the fish into a ‘net’ of bubbles. The whales will 
typically begin to exhale out of their blowholes at the school of fish, creating a large 
net of bubbles. While blowing the bubbles, the whale will also continue to encircle 
the prey. One whale will sound the feeding call, at which point all whales simul-
taneously start swimming upwards with mouths wide open to feed on the trapped 
fish.
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Fig. 1 a Spindle speed versus surface roughness for different feed rate. b Feed rate versus surface 
roughness for different spindle speed. c Depth of cut versus surface roughness for different spindle 
speed

3.2 Whale Optimization Algorithm 

The bubble-net feeding technique of humpback whales can be idealized, and an algo-
rithm can be developed using this technique [1]. Mirjalili and Lewis developed this 
whale inspired algorithm in their paper titled ‘The Whale Optimization Algorithm’. 

The whale optimization algorithm (WOA) incorporates a mathematical model 
of encircling prey, spiral bubble-net feeding manoeuvre and search for prey for 
optimization [1]. Mirjalili and Lewis explored these behaviour →A = 2.→a.→r − →a of
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humpback whales and developed the WOA. The WOA consists of the following 
sections. 

1. Encircling Prey 
2. Bubble Net Hunting Method 
3. Search the prey 

Encircling Prey 

The WOA assumes that the current-based solution obtained by different DOE or 
other techniques is the best target prey. The search agents try to update their positions 
towards the best search agent. The following equations represent the behaviour.

→D =
I
I
I →C · →X (t) − →X (t)

I
I
I (1)

→X (t + 1) = →X ∗ (t) − →A · →D (2)

→A = 2→a · →r − →a (3)

→C = 2 · →r (4) 

where t is the current iteration and X* is the position of the best solution, and it 
is updated if better solution is obtained, →X is the position vector. →A and →C are the 
coefficient vectors, where →a is linearly decreased from 2 to 0 and →r is a random 
vector [0,1]. 

Bubble net feeding method (exploitation method) 

This section consists of two approaches. 

Shrinking encircling prey 

This mechanism is achieved by decreasing the value of →a in Eq. (3). Figure shows 
the possible positions from (X, Y ) towards (X*, Y*) that can be achieved by 0 ≤ A ≤ 
1 in 2D space in Eq. (3). 

Spiral Position Update 

To mimic the helically shaped movement, a spiral equation is used between the 
position of whales and prey.

→X (t + 1) = →D' · ebl · cos(2πl) + →X ∗ (t) (5) 

where →D' =
I
I
I →X ∗ (t) − →X (t)

I
I
I and it indicates the distance between the whale and 

the prey, b is a constant, l is a random number in between [−1,1]. 
During hunting, the whales use both shrinking encircling and spiral-shaped path 

simultaneously. To incorporate this simultaneous movement, we assume a probability
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of 50% between shrinking encircling and spiral-shaped path to update the position 
of whales.

→X (t + 1) =
{ →X ∗ (t) − →A. →D if p < 0.5

→D · ebl · cos(2πl) + →X ∗ (t) if p ≥ 0.5 
(6) 

where p is a random number in between [0,1]. 

Search for prey (Exploration phase) 

In order to make the algorithm global parameter optimizer when greater than 1 or less 
than 1 the search agent is updating accordingly to a randomly chosen agent instead 
of the best search agent (Figs. 2, 3 and 4).

→D =
I
I
I →C · −−→X rand − →X

I
I
I (7)

→X (t + 1) = −−→X rand − →A. →D (8) 

Fig. 2 Shrinking encircling prey mechanism
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Fig. 3 Spiral feeding mechanism 

Initialize the whales population Xi (i = 1, 2, ..., n) 
Calculate the fitness of each search agent 
X*=the best search agent 
while (t < maximum number of iterations) 

for each search agent 
Update a, A, C, l, and p 

if1 (p<0.5) 
if2 (|A| < 1)

                     Update the position of the current search agent by the Eq. (2.1)
              else if2 (|A| 

Select a random search agent ( )
                    Update the position of the current search agent by the Eq. (2.8)
             end if2
        else if1 (p 0.5)
                   Update the position of the current search by the Eq. (2.5)
       end if1
    end for 

Check if any search agent goes beyond the search space and amend it
   Calculate the fitness of each search agent
  Update X* if there is a better solution 
t=t+1 

end while 
return X*yyy 

Fig. 4 Pseudo-code for whale optimization algorithm
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4 Results Analysis and Discussion 

4.1 Current Best Solution Obtained from Taguchi 

It is observed from Table 3 that Spindle speed of 200 rpm, feed rate of 1.5 mm/min 
and depth of cut 2 mm gives the lowest surface roughness which is desired (lower 
is better) i.e. the values of parameters corresponding to Sr. no. 3, gave best solution. 
This solution obtained from Taguchi optimization will be our current best solution 
in the whale optimization algorithm. 

4.2 Regression Analysis 

Regression analysis was used to predict the link between the factors of Spindle speed, 
depth of cut and feed, as well as the performance measurement surface roughness. 
The final regression model in terms of the encoding parameters of the following 
parameters is denoted: 

Surface Roughness = 143.485 ∗ Spindle Speed(−0.6298) 

∗ Feed(1.096) ∗ DOC0.5637 

The above regression equation is made by using some empirical relations and by 
using the power law. For this purpose, the DataFit 9.0 software is used. 

4.3 Results and Discussion 

The regression equation obtained after applying Taguchi is given as an input to the 
WOA for further optimization. The whale optimization algorithm code was run on 
MATLAB® 2021. The results obtained from WOA are compared to results from S/N 
ratio. The graph representing the optimization obtained from the whale optimization 
algorithm is shown in Fig. 5

5 Conclusion 

From this study, it has been observed that the whale optimization algorithm can be 
effectively applied to optimization problems. The results obtained from S/N ratio and 
WOA are quite similar with some difference, due to the use of linear regression curve 
fitting model for regression analysis. The Taguchi method coupled with metaheuristic
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Fig. 5 Optimal answer obtained from WOA

optimization algorithms can be used in the design of experiments and parametric 
optimization as well. 
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Optimization of TWR and SR 
of Superalloy Al/9.6B4C in EDM Using 
Advanced Optimization Techniques 

Neeraj Agarwal and M. R. Singh 

1 Introduction 

Superalloys are prevalent engineering materials nowadays. They have excellent engi-
neering properties. Al/B4C is a perfect substance that is commonly used in the aircraft 
and automotive industries. This is very hard material, and hence machining is difficult 
by traditional machining due to its low weight and improved wear characteristics. For 
the shaping of these superalloys, non-traditional processing methods are commonly 
used. Unconventional machining like EDM is used to machine the superalloy. Due to 
sparking between the workpiece and electrode, there is a sudden rise in temperature 
in the machining zone. Due to this high temperature, the material is removed by 
melting and evaporation in a small amount [1]. There are many control parameters 
used for the EDM process like Ton, Toff, current (I), duty factor (t). The TWR and 
surface SR are considered as process outcome. Dubey and Singh [2] mixed chromium 
particles in the dielectric to enhance the MRR and surface integrity. Further, Huu 
et al. [3] used the response surface method to analyze and plan the experiments. Saad 
et al. [4] conducted an investigation with Al–Si alloy and studied parameters of EDM 
on RSM-based, combined with desirability function (DF); they developed RSM for 
Toff, Ton, pulse current and their effect on the MRR, TWR as well as SR. Further, it 
has been concluded that RSM was sufficient for predicting the EDM method behav-
iors properly. Equbal et al. [5] have been reported die-sinking EDM of stainless steel 
through copper electrode; kerosene is selected as dielectric fluid. Current, Ton, and 
spark off time are the chosen process performance parameters for machining. The
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output measure is MRR, and RSM is selected to quantify the effect of several param-
eters on the MRR. Sahu et al. [6] designed using RSM and conducted two sets of 
experiments by the different dielectric. Yadav and Yadava [7] used abrasion-based 
compound wheel for SiC-B4 MMC machining. Peak current, Ton, Toff, WS, and 
abrasive grit size were input parameters for evaluating MRR and surface quality. 
However, Kandpal et al. [8] used EDM to machine Al–Al2O3. They have been found 
the optimum values of control parameters by using Taguchi techniques to maximize 
the MRR. Kumar and Prakash [9] used EDM of aluminum-B4C MMC to calculate 
the effects of Ton, current, Toff, and electrode material on SR, TWR, and MRR. 

Pramanik and Basak [10] investigate the effect of wire tension, dielectric flushing 
pressure and Ton on wire rupture during EDM of Ti/6Al/4V. Abidi et al. [11] find 
the best machining parameters for a higher MRR and a good surface finish. They 
show that multiobjective genetic algorithm (MOGA-II) is an effective method for 
optimizing input parameters. Dwaipayan et al. [12] machined pure sintered titanium 
on EDM. They used RSM for the design of experiments. They optimize the Ton, 
Toff, wire tension to minimization of kerf width and over cut. Arikatla et al. [13] 
investigate various input EDM settings on kerf width, MRR, surface roughness, and 
surface topography of wire EDM for the titanium alloy workpieces. Baroi et al. [14] 
used Taguchi-based DOE for Titanium Grade 2 alloy and find optimum parameter 
for MRR, TWR, and SR. Rajesh et al. [15]] investigate the impact of various input 
control parameters like ‘Ton’, ‘Toff’, ‘I’ on MRR and SR on EDM for the AISI1020 
steel. In this, ANN methods were applied to predict the optimized parameters. They 
concluded that on these models, an advanced technique output with a kind of empir-
ical model provided excellent results on comparing with the RSM model in terms of 
tolerable error. Singh and Shrivatava [16, 17] also created an AlB4C metal matrix 
composite with an appropriate composition and discovered that EDM is a viable 
machining method. They came to the conclusion that the modeling and optimiza-
tion techniques RSM, GA, and JAYA algorithm outperform the others. For AISI D2 
steel machining, Agarwal et al. employed a new Jaya method to optimize four input 
variables [18]. For multiobjective optimization of the titanium alloy, Agarwal et al. 
applied advanced optimization techniques for relative tool wear rate optimization 
[19]. Rao et al. applied Jaya algorithm in surface grinding optimization [20]. Singh 
et al. [21] contrasted the optimal method and used EPSDE techniques on AMMCs, 
which produced better results. 

Many researchers work on machining of AMMCs, but there is no EDM work 
reported on ALB4C. ALB4C has an excellent alternative for various parts of the 
automobile and aviation industry due to its higher wear resistance properties. Rao-1 
is a new optimization technique developed by Rao [22] for engineering optimiza-
tion. In this research, Rao-1 optimization is used for the optimization of machining 
parameters. Very little work is reported on this algorithm.
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2 Methodology 

2.1 Response Surface Model (RSM) 

In RSM, the following expression is used; 

y = f
(
x1, x2, x3, . . .  xp

)
, (1) 

where y = response, x1, x2, x3,… xn, = process control variables. RSM establishes a 
second-order regression model between the response and process control variables 
as follows [17]. 

y = bo + 
pΣ

i=1 

bi xi + 
pΣ

i=1 

bii  x
2 
i 

+
Σ

i

Σ

j 

bi j  xi x j (2) 

where all bs are constant and coefficients for the RSM model. 

3 Experimental Setup 

3.1 CNC Electronic EDM Machine 

Figure 1 shows the EDM used to execute the experiment. The ‘I’, ‘Ton’, and ‘Toff’ 
were chosen as input control parameters. The control parameters are depicted in Table 
1 together with their levels. The DOE is based on the Box–Behnken design. The Al-
9.6B4C is used as a workpiece. As a tool electrode, the copper rod is employed. 
Each experiment was conducted for 30 min with straight polarity. TWR is evaluated 
for each experiment using Eq. (4). The electronic weighing balance has a 0.1 mg 
resolution. Surface roughness is measured using Mitutoyo Surtronic SJ-201P surface 
profilometer.

The TWR unit in mg/min has been measured according to the following 
relationship: 

tool wear = m i − mf (3) 

TWR = 
m i − mf 

tp 
(4)
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Fig. 1 EDM setup 

Table 1 Input control parameters and levels 

Parameters/level Variable Level 1 (−1) Level 2 (0) Level 3 (1) 

Peak current (A) X1 1 3 5 

Pulse-on time (µs) X2 10 20 30 

Pulse-off time (µs) X3 15 20 25

where m i and mf are initial and final weights of the tool after machining. Table 2 
shows the two responses, TWR and SR.

4 Modeling and Optimization 

4.1 Response Surface Model (RSM) 

4.1.1 Regression Model for TWR 

MATLAB 11 was used to generate the second-order RSM modeling of TWR. Equa-
tion (5) depicts the TWR regression model. All non-significant terms are removed. 
The values of the R2 and modified R2 decision coefficients are 0.9503 and 0.9227, 
respectively. This demonstrates the model’s significance. 

The regression model for TWR is given below,


