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Optimization of turning process parameters in minimum 

quantity lubrication (MQL)-assisted mode is obligatory for 

enhanced efficiency and product integrity. However, little 

attention has been paid to analyzing situations where high 

search precision is needed when evaluating the optimal 

turning process parameters. This article applies the grey 

wolf optimization (GWO) approach to optimize the turning 

of parameters AISI 4340 alloy to enhance cutting force, 

surface roughness and tool wear. Based on the literature 

data, turning was conducted with MQL-assisted CuO and 

Al2O3 nanofluids. The problem was formulated by 

mimicking six wolves in six different objective functions. 

The objective functions have the responses as the dependent 

variables and the parameters including cutting speed, feed 

and cutting depth as independent variables. The hunting 

behavior of the wolves as they encircle the prey is 

interpreted to the machining task optimization. It involves 

three hierarchically-evaluated guides- the alpha, beta and 

delta wolves- positioned optimally and other wolves are 

updated accordingly. The cutting speed, feed and cutting 

depth are bound in the lower and upper limits as 80 and 

140m/min, 0.05 and 0.20m/m/rev and 0.1 and 0.4mm, 

respectively. The grey wolf optimization algorithm 

optimizes the parameters to yield the cutting force, surface 

roughness and tool wear using Al2O3 as 199.50N, -23.54mm 

and 0.06mm, respectively. For the CuO, the corresponding 

cutting force, surface roughness and tool wear, the CuO, 

Al2O3 and CuO nano lubricants produced the best results. 

However, for mass production, selective use of CuO and 

Al2O3 should be made. The usefulness of this research 

endeavor is to help process engineers to make decisions in 

producing low-cost components in manufacturing. 

 

Keywords: 

Grey wolf  

Surface roughness  

Tool wear  

Nano lubricants  

Steel  

*Corresponding Author 

Sunday Ayoola Oke 

E-mail: sa_oke@yahoo.com 

This is an open access article under the CC–BY-NC license. 

 

 
  

Available online at: http://publikasi.mercubuana.ac.id/index.php/ijiem 

IJIEM (Indonesian Journal of Industrial Engineering & Management) 

ISSN (Print)  : 2614-7327     ISSN (Online)  : 2745-9063 

 

https://creativecommons.org/licenses/by-sa/4.0/
http://publikasi.mercubuana.ac.id/index.php/ijiem/index


IJIEM (Indonesian Journal of Industrial Engineering & Management) Vol 3 No 3 October 2022, 210-223 

211 

 

1. INTRODUCTION 

Optimization of turning processes is probably 

the most reliable route to achieving the best 

results based on the desire to maximize 

operation's productivity, efficiency, plant 

longevity and resource utilization (Kelly, 2010; 

Al-Shayea et al., 2020; Yıldırım, 2020; El-

Sheikh et al., 2021). Turning optimization has 

its prevailing components comprising of 

decision variables such as the cutting tool 

characteristics (tool rigidity, geometry, coating, 

material; (Sahoo and Sahoo, 2012; Fan et al., 

2016; Yadav and Kumar, 2020), work material 

properties (ductility, tensile strength, thermal 

conductivity, workpiece rigidity; Yadav and 

Kumar, 2020). Other decision variables are the 

nano-cutting fluids such as Al2O3 and CuO to 

include their characteristics and properties 

(Srikant et al., 2008; Padmini et al., 2016; 

Kumar et al., 2019; Yadav and Kumar, 2020). 

Still, the machine tool is another decision 

variable in turning whose accuracy, rigidity and 

capacity are important attributes of study 

(Yadav and Kumar, 2020). Besides decision 

variables, the objectives and constants are 

important elements of the turning optimization 

process.  

 

Probably the most popular optimization method 

within the turning scenario is the Taguchi 

method (Roy, 1990; Reddy and Hari, 2018). 

The method is competent in minimizing the 

emerging disparity within the turning process. 

This method has wide acceptability among 

process engineers and turning operators as it is 

easy to apply with useful quantitative and 

qualitative outcomes for turning decision-

making (Reddy and Hari, 2018). Nonetheless, 

in applying the Taguchi method to turning 

operations data, process engineers and 

operators are often confronted with the 

difficulty of interpreting the more influential 

decision variables on resource conservation and 

control. Critics argue that it is rare to obtain 

limits on how to determine the superiority of 

one variable over another except if the Taguchi 

method is integrated with other methods or 

replaced with competing optimization methods. 

Therefore, the Taguchi method in this turning 

scenario may be replaced with an evolutionary 

algorithm, probably the grey wolf optimization 

procedure. To the utmost knowledge of the 

present authors, previous studies could not 

tackle the high search precision problem when 

confronted with multiple conflicting variables 

each struggling for recognition. While 

implementing the turning process in a 

multiproduct and multi-variable scenario, an 

important concern is the search precision 

attribute of the process. But engaging an 

optimization method such as the grey wolf 

optimization procedure assures high search 

precision and timely delivery of decision 

outcomes. 

 

Besides, methods such as Taguchi (Onuoha et 

al., 2016), ANOVA (Onuoha et al., 2016), 

artificial neural network model (Shankar et al., 

2019), correlation analysis (Bouacha et al., 

2010), signal-to-noise ratios of Taguchi 

(Venkatesan et al., 2019), orthogonal array 

(Manivel & Gandhinathan., 2016), heuristics 

(Kharwar and Verma., 2021), integrated 

Taguchi and grey wolf optimization 

(Khalilpourazari and Khalilpourazary, 2016) 

have been applied in machining. Being attracted 

by the ability to reduce experimental costs, and 

enhance product quality, the Taguchi method 

was deployed by Onuoha et al. (2016) to 

examine the effects of cutting fluids on surface 

repulsiveness in turning AISI 1330 compound 

steel using the machining process (El-Baradie, 

1996). Furthermore, Venkatesan et al. (2019) 

might have stimulated the fractionated ability of 

Taguchi designs and the special attribute of a 

selective partial fraction of a full factorial 

design where experimental cost and time are 

greatly reduced. The author articulated the 

result of machinability while using the least 

amount of oil (MQL) on CNC turning of 617 

compounds using the Taguchi method. It was 

reported that wear and surface roughness 

expanded due to cutting speed increment while 

the decline in force was experienced. Moreover, 

the wear factor increased with the addition of 

weighted nano-particles in vegetable oils while 

decreasing the surface roughness. Nonetheless, 

the ANOVA method was promoted as a useful 

tool to access the fluctuations in cutting rate, 

feed rate as well as the significance of cut on 

surface roughness under different cutting fluids. 

Shankar et al. (2019) also applied ANOVA to 

understand the fluctuations in cutting power, 

flank wear and surface hardness of the 

workpiece. The connection of feed and depth of 

cut had a significant commitment of 50.39% 
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followed by the depth of cut and feed of 27.72% 

and 14.52%, respectively. Moreover, Labidi et 

al. (2018), using the ANOVA table, expressed 

that the cutting power had an F-worth of 177.65, 

which affirmed that the model was huge. At the 

point when the depth of cut expanded, the tool 

became dull which built the device's workpiece 

contact region and the cutting power increased 

in value. Besides, Manivel & Gandhinathan 

(2016) used the ANOVA method. It was found 

that the contributory parameters influencing the 

surface roughness and tool wear were the 

cutting rate with 49.1% and 50.2%, 

respectively. 

 

The artificial neural network is another method 

that has been used by authors in the turning 

process literature (Zerti et al., 2019). Shankar et 

al. (2019) utilized the ANN model to reveal the 

tool wear using the feed-forward type of ANN. 

Related work was conducted by Ahmadi et al. 

(2019) with the deployment of ANN in the 

turning perspective. In the turning process, the 

coefficient of determination has been used to 

establish the degree of variability of a factor 

stimulated by its association with another 

factor. Sometimes, some scholars use the square 

root of this coefficient value known as the 

correlation coefficient. Bouacha et al. (2010) 

explored this idea to establish the relationship 

between cutting power, depth of cut and tool 

wear. In these cases, the minimum coefficient 

of determination reported by the authors was 

0.9882. Furthermore, Bhuiyan and Choudhury. 

(2015) also explored the idea of coefficient of 

determination and discussed the possible 

outcomes of two sets of values, notably 0.9211 

and 0.9585. 

 

Research on machining, particularly focusing 

on minimum quantity lubrication has been 

extensive in the previous years (Gajrani et al., 

2019). For instance, Sen et al. (2017) proposed 

adaptive neuro-fuzzy inference systems 

(ANFIS) to associate the control variables and 

objective function while mulling the Inconel 90 

alloys during CNC machining. It was concluded 

that the ANFIS results supersede the outcome 

of the competing artificial neural network 

method. Sen et al. (2021) declared the necessity 

of adopting the sustainability viewpoint 

machining. The principal focus is the minimum 

quantity of lubrication which is recommended 

for modern usage in machining. Sen et al. 

(2020) analysed the accomplishment of a green 

lubricant to mill the Inconel 690 material. It was 

concluded that for all machining responses, the 

1% silica accumulated on palm-oil medium 

provided outstanding performance. 

Furthermore, Sen et al. (2019a) established the 

utmost arrangement of milling parameters in an 

MQL mode while considering Inconel 690 and 

castor oil lubricant. The response surface 

methodology, non-dominated sorting genetic 

algorithm-II and technique for order preference 

by similarity to the ideal solution were applied. 

The conclusion is that a less than 0.01 error 

value was obtained when the experimental 

responses were compared with the prediction. 

In another study, Sen et al. (2019b) established 

the advantages of MQL-assisted milling using a 

blend of palm oil and A12O3 and processing the 

Inconel 690 material. In conclusion, the indices 

representing the multi-performance 

characteristics established a 2.5% as the 

optimum concentration of the Al2O3 within the 

MQL situation. This result was declared 

superior to other lubricating sources analysed. 

Besides, Sen et al. (2019c) proposed a Pareto-

oriented optimization scheme using an 

integrated gene expression programming, 

TOPSIS and NSGA-II) to process Inconel 690 

in milling operation. Based on a comparison 

between predictions and experimental data, a 

3.13% error was reported. The drawback of this 

group of studies is that no defined optimization 

procedure is capable of guaranteeing high 

search precision in a complicated scenario such 

as turning. This drawback has an exception, 

which is Sen et al. (2017) that proposed a 

metaheuristic that is capable of high search 

precision. However, even the application is in 

the milling process which may be treated 

differently from the turning process which is the 

focus of this research. 

 

Furthermore, interestingly, in the past few 

years, some studies (Venkatesan et al., 2019; 

El-Sheikh et al., 2021) have established that 

optimization procedures in lubricated 

machining environments enhance efficiency. 

Consequently, several studies have been 

skewed towards the use of the Taguchi method 

in the past (Manivel and Goandhinathan, 2016; 

Onuoha et al., 2016; Reddy and Harry, 2018). 

However, extremely little attention has been 
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paid to study optimization procedures in 

machining where high search precision is 

compelling. Laouissi et al. (2019) are among the 

few studies that have responded to the call for 

high search precision using the genetic 

algorithm method. Notwithstanding, high 

search precision is the basis for efficiency in 

complicated multiproduct optimization systems 

where heavy and multi-feature parts needed to 

be turned. Therefore, the novelty of this article 

is the focus on the use of the grey wolf 

optimization method in turning the AISI 4340 

alloy through lubrication-assisted turning using 

Al2O3 and CuO nano lubricants. Besides, this 

article analyses the parameters of cutting speed, 

feed and cutting depth in producing the best 

surface roughness, cutting force and tool wear. 

Moreover, this article enhances the machining 

process of turning AISI 4340 alloy. 

 

Accordingly, this article applies the grey wolf 

optimization (GWO) to efficiently deliver 

results that will propel prosperity while turning 

AISI 4340 alloy under a lubricated environment 

(Medjahed et al., 2016; Pradhan et al., 2016; 

Kharwar and Verma, 2021). The theory of the 

grey wolf is deployed as an illustration of the 

effectiveness of the grey wolf optimization 

method (Kharwar et al., 2021). This method 

mimics the grey wolves which are territorial 

animals with habitation in packs championed by 

alpha pairs. The social prey-seeking and prey-

attacking behaviours of the grey wolves are the 

fundamental components of the optimization 

scheme used in the present work. This study is 

substantial since it provides a framework to 

address the essential deficiencies of 

optimization methods presently adopted in the 

turning operation. Some of these optimization 

schemes are difficult to implement as a result of 

their complicated structures such as the Cuckoo 

search (Labidi et al., 2018; Laouissi et al., 

2019). The optimization schemes also have the 

problem of requiring more storage and 

computational needs (Pradhan et al., 2016). 

Thus, by introducing the grey wolf optimizers, 

these problems are subdued. 

 

This study contributes to the literature on 

turning operations by highlighting the grey wolf 

optimization as a strong tool that exceeds the 

capacity of the Taguchi method through the 

introduction of the high search precision 

attribute in making turning optimization 

decisions. Also, the study contributes by: 

• Highlighting the essential parameters in 

optimization procedures that are 

unclear to date 

• Determining research weaknesses on 

turning process optimization while 

opening up a new research direction 

 

Although previous articles have highlighted the 

importance of optimization in turning, little 

attempt was made to establish to tool to attain 

high search precision in turning. Furthermore, 

no systematic deployment of any optimization 

tool with the high search precision attribute has 

been made so far in the literature.  

 

2. METHOD 

2.1 Research gap 

Turning the AISI 4340 using eco-friendly nano 

lubricants under the minimum quantity 

lubrication scheme seems to be a viable method 

for the economic production of machined parts 

and would aid the sustainability of the 

machining process (Roy et al., 2018). However, 

earlier studies seem to have downplayed 

optimization procedures. In cases where 

optimization has been considered, the Taguchi 

method is at best the preferred method. But the 

Taguchi method has the deficiency that it is 

difficult to know to what degree a factor in the 

process exceeds the other in the deployment of 

the optimal parametric setting to solve the 

optimization problem. Unfortunately, the 

potential of the grey wolf optimization 

procedure has not been sufficiently studied in 

the engineering manufacturing instance. More 

specifically, it has not been analyzed in the 

domain of turning, under the minimum quantity 

lubrication system and an eco-friendly 

environment. Furthermore, though several nano 

lubricants exist, copper oxide and aluminium 

oxide are two widely successful applications in 

enhancing the surface roughness of machine 

parts and the reduction of tool wear used to 

process the material subtraction. It is believed 

that the novel procedure of grey wolf 

optimization may be useful in attaining reduced 

surface roughness and tool wear in the eco-

friendly manufacturing process. Thus, this 

paper revolves around the establishment of the 

novel optimization procedure of grey wolf 
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optimization for improving the surface integrity 

of the machined materials while reducing the 

tool wear.  

 

2.2 Objective function formulation 

From the literature review, a gap in research 

was established. Consequently, it is resolved 

that to obtain effective computational 

outcomes, an optimization (linear) program 

should be formulated with the objective and 

constraints with the three outputs terms in 

focus. It then implies that for each output term, 

for instance, cutting force, a linear program 

should be formulated such that the experimental 

data generated for each of CuO and Al2O3 will 

be used in the formulation. In essence, this 

result section shows six linear programs. But a 

linear program comprises the objective function 

and constraints. Thus from the experimental 

data obtained in the referenced article, a 

regression equation is formulated for each of the 

objective functions and then substituted in the 

linear program to be formulated afterwards. To 

demonstrate how these regression equations are 

formed, the data from Table 5 of the referenced 

material is used. The data are inputted into the 

Minitab 18 software, where the inputs and each 

output at a time are computed to obtain the 

regression equations. 

Having obtained the regression equations, the 

linear programs formed are as follows: 

 

Objective function 1 

Minimize  

CuOCF =11.17+1.3970CS+121.1F-5.2CD 

Subject to:  

14080 CS     (1) 

20.005.0  F    (2) 

4.01.0 CD     (3) 

 

where CD, F, CS 0 

 

Objective function 2  

Minimize 

32OAlCF = 39.8+1.8150CS+261.1F+14.4CD 

Subject to:  

Constraint Equations (1), (2) and (3) above 

 

Objective function 3 

Minimize 

CuOSF = 0,318+0.00091CS-0.176F+0.196CD 

Subject to:  

Constraint Equations (1), (2) and (3) above 

 

Objective function 4 

Minimize 

32OAlSR = -70+0.752CS+165F-82CD 

Subject to:  

Constraint Equations (1), (2) and (3) above 

 

Objective function 5 

Minimize 

CuOTW =-0.0089+0.000542CS+0.0579F-

0.0109CD 

Subject to:  

Constraint Equations (1), (2) and (3) above 

 

Objective function 6 

Minimize  

32OAlTW =-0.0824+0.001679CS+0.164F-

0.0343CD 

Subject to:  

Constraints Equations (1), (2) and (3) above 

 

Furthermore, the objective functions and 

constraints (1), (2) and (3) were developed as 

codes using the C++ programming 

environment. At first, a preliminary program 

testing was made to observe the convergence or 

program termination point will be. For the 

program, the Population Size (number of 

wolves) is taken as 5 and the Number of 

iterations is taken as 100. After executing the 

codes, it was found that 100 iterations are 

sufficient to run to terminate the program after 

this. Thus for each linear program, the 

expressions that mimic the grey wolf optimizer 

were coded and run with the following results 

obtained. 

 

Besides, the following Equation (4) is used to 

generate the value of x (Mairjalili et al., 2014): 

 

)( LUrLx −+=    (4) 

where 

L is the lower boundary 

U is the upper boundary     

r is the random numbers between 0 and 1    

 

Some parameters are obtained from the 

following (Mairjalili et al., 2014; Jayakumar et 

al., 2016): 
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=

iterationimum

iteration
a

max
2   (5) 

In Equation (5), the “a” reduces in a linear 

manner starting from 2 and gradually reducing 

to zero when the iteration number starts from 1 

to the point of convergence of the program. 

Furthermore, for the first wolf, the formulae for 

obtaining X1, X2 and X3 are shown in Equations 

(6) to (17) (Mairjalili et al., 2014; Jayakumar et 

al., 2016). These equations were adapted for the 

other wolves 2 to 5. While the mentioned 

equations relate to the situation when wolves 

encircle the prey, the behaviour of the wolves 

during this process is illustrated in Fig. 1. 

 

     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     
     

      
Fig. 1. Wolves’ behaviour while encircling the prey 

 
For X1, 

araA −= .21             (6) 

rC .21 =                        (7) 

|)(| 1 tXXCD −=                (8) 

 DAXX 11 −=      (9) 

For X2, 

araA −= .22                                           (10) 

rC .22 =                                                    (11) 

|)(| 2 tXXCD −=                                 (12) 

 DAXX 22 −=                                      (13) 

For X3, 

araA −= .23                                           (14) 

rC .23 =                                                   (15) 

|)(| 3 tXXCD −=                                (16) 

 DAXX 33 −=
   (17) 

Equations (6) to (17) capture all the attempts of 

the various groups of wolves in capturing the 

prey that they have encircled after a hunting 

attempt. Naturally, wolves separate themselves 

into four groups, namely the alpha, beta, delta 

and omega guides. The alpha is the most 

authoritative and probably the strongest in the 

wolf park that leads the battle in conquering the 

prey. Except for the omega grey wolf category 

who are considered inexperienced, all other 

wolf categories (i.e. alpha, beta and delta 

guides) position themselves strategically in 

encircling the prey. The omega group is the very 

young wolves that watch the older ones on how 

they change tactics to combat the prey as the 

prey also change tactics to escape. The relative 

distance that each group maintains to the prey 

depends on how powerful and experienced the 

group is. For example, if a group of wolves 

know that it is less powerful in conquering the 

prey (i.e. omega wolf), it maintains further 

distance from the prey to avoid its attack. 

Consequently, the most powerful group, alpha 

guides are the first to face the prey with the 

understanding that they possess the skill and 

stamina to scare the prey and eventually 

conquer it. When the wolves encircle the prey, 

each group of wolves forms imaginary circular 

fences about themselves. This concept is 

brought to the computation and it affects the 

positioning and final results of the wolves 

catching the prey in that engagement. These 

circular fences are measured in radii; often there 

are two radii in concentric circles. But there is 

also a measurable distance in some instances, of 

the centre position of another, often measured 

as D.  

Various wolf groups position themselves relative to the prey 

Distances are maintained to prey according to the appeal and 

strength of the wolf group 

The alpha group leads to maintain shorter distances to the prey 

than any of the other groups 

As the other groups (beta, delta and omega) also move 
towards the prey to threaten it, they watch the behaviour of the 

alpha group and decided in line with them  

The alpha group weighs the effort in further pursuing the prey 
based on the limited quantum of energy they have compared 

with the quality and quantity of meat they will eventually 
obtain.  

The alpha group decides to continue pursuing or withdraw 

from pursuing the prey  

Other groups learn from the alpha group and follow their 

decision  

Prey dies or escapes 
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Equations (6) to (17) could be classified into 

three: Equations (6) to (9), Equations (10) to 

(13) and Equations (14) to (17). Each of these 

sets of equations evaluated X1, X2, and X3, 

respectively. This idea, obtained from Mairjalili 

et al. (2014), is that once the different groups of 

wolves encircle their prey, they do the capturing 

fast in a timeframe in which their positions to 

the prey change. They draw closer until they 

bite the prey and eventually kill it or it escapes 

the group of wolves. The measures of the 

closeness of the groups to each other and the 

prey are the As, Cs and Ds. It is believed that 

the alpha wolf guides may be unsuccessful in an 

encircling event for prey if the group counts it 

profitable to remain hungry instead of using 

their energy in pursuing small prey with 

relatively very small meat to eat.  

 

In the encircling endeavour, what is done is to 

find a newly consolidated position of all groups 

of wolves (alpha, beta, delta and omega guides) 

by finding the average of the X outcomes only 

for the alpha, beta and delta guides, i.e. X1, X2, 

and X3 represented by Equations (6) to (9), 

Equations (10) to (13) and Equations (14) to 

(17), respectively (Mairjalili et al., 2014; 

Jayakumar et al., 2016). The reason is that the 

contribution of the omega guides is marginal as 

the group consists of very young wolves that 

watch what happens in the food-searching 

endeavour. The distances maintained by the 

alpha guides, beta guides and delta guides to the 

other group of wolves are termed as D , D  

and D , respectively. However, Equations (6) 

to (9), which are meant for the alpha guides is 

computed by extracting the parameter "a" from 

Equation (5), generate random numbers, which 

are fed into Equations (6) to (7) to obtain 

Equations (8) to (9). The A, and C, are the 

imaginary circles formed by the alpha guides at 

distances from the centre positioning of the 

alpha guides. Next, X2 represents the position of 

the beta guides which depends on the two 

imaginary radii to form A2 and C2. Also, theX3 

represents the position of the delta guides with 

two imaginary radii of A3 and C3. 

 

3. RESULTS AND DISCUSSION 

In a search of the literature on turning, the 

attention of the present authors was drawn to the 

research problem in El-Sheikh et al. (2021) 

where the turning of the AISI 4340 alloy was 

made. To the authors' surprise, it was found that 

high manufacturing costs are expended in the 

implementation of the research. There are 

unexpected high cutting forces that need to be 

minimized, poor surface finish that need to be 

improved and a high rate of tool wear, which 

needs to be drastically reduced. To solve this 

problem, the authors examined the parameters 

used in the work, which are the cutting speed, 

feed and cutting depth. The outputs were 

identified as cutting force, tool wear and surface 

roughness. With this information, it was 

thought that the energy costs could be reduced 

by reducing all the response values. The tool 

was having greater wear but it was thought that 

this gap could be bridged using the grey wolf 

optimization algorithm. Thus, in this article, the 

optimization process parameters regarding the 

turning of AISI 4340 alloy in an eco-friendly 

minimum quantity lubrication environment was 

achieved using the grey wolf optimization 

approach. Thus, the application of the GWO 

algorithm minimized the cutting speed, feed and 

cutting depth to obtain reduced values 

compared to those reported in El-Sheikh et al. 

(2021). The choice of the grey wolf 

optimization procedure was made to simplify 

the work and obtain accuracy from the 

computation of each value of responses and 

inputs that were given in El-Sheikh et al. 

(2021).  

 

Furthermore, the grey wolf optimizer was of 

choice because of its efficiency in convergence 

while running the iterative program using the 

C++ programming environment. More 

importantly, the work was chosen as the work 

material AISI 4340 alloy has a four-digit 

crystalline structure and could be heat treated 

for improved performance during the turning 

process. Though there have been some studies 

on lubrication-aided turning experiments on 

AISI 4340 alloy, the literature knowledge 

indicates that few studies have been dedicated 

to its optimization during the turning process. 

Furthermore, it is extremely rare to find the 

turning of the material under controlled 

lubrication with nanofluids such as copper 

oxide and aluminium oxide. More difficult to 

observe in the literature are studies that have 

deployed the grey wolf optimizer in improving 
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the efficiency of the turning process while 

processing the AISI 4340 alloy material.  

 

However, it is believed that the application of 

the grey wolf optimizer is better than the non-

optimized situation reported by the referenced 

material. Thus, the grey wolf optimizer is 

regarded as a suitable optimization tool that 

may fulfil the requirements of the optimization 

of AISI 4340 alloy during the turning process. 

In the analysis, a fundamental first step is to 

identify the inputs, outputs and optimization 

activities to be implemented. Accordingly, from 

the referenced material adopted in this article, 

the inputs are the cutting speed (m/mm), feed 

(mm/rev) and the cutting depth (mm). However, 

the outputs are the cutting force (N), surface 

roughness, Ra (µm) and tool wear. In the 

turning operation, the overall goal is to be 

efficient such that minimum processing time is 

used to process the AISI 4340 alloy while the 

operational cost is minimized. But regarding the 

attainment of the turning goal about the outputs, 

the cutting force should be minimized, so that 

excessive force will not damage the workpiece 

material. Also, the surface roughness should be 

minimized to boast the surface integrity of the 

material.  

 

In addition, the tool wear should be minimized 

to reduce tool regrinding and changing costs. 

From these viewpoints, the grey wolf 

optimization (GWO) procedure fits as the 

solution procedure for the turning problem. But 

it is confusing which of the two nano-lubricants 

of the CuO and Al2O3 should be chosen to 

achieve each of the three main goals of cutting 

force minimization, surface roughness 

minimization and tool wear minimization. 

Consequently, it is resolved that to obtain 

effective computational outcomes, an 

optimization (linear) programme should be 

formulated with the objective and constraints 

with the three outputs terms in focus. It then 

implies that for each output term, for instance, 

cutting force, a linear programme should be 

formulated such that the experimental data 

generated for each of CuO and Al2O3 will be 

used in the formulation. In essence, this result 

section shows six linear programmes. But a 

linear programme comprises the objective 

function and constraints. Thus from the 

experimental data obtained in the referenced 

article, a regression equation is formulated for 

each of the objective functions and then 

substituted in the linear programme to be 

formulated afterwards. To demonstrate how 

these regression equations are formed, the data 

from Table 5 of the referenced material is used. 

The data are inputted into the Minitab 18 

software, where the inputs and each output at a 

time are computed to obtain the regression 

equations. 

 

Notice that in each set of results, at 

convergence, the optimal values given were 

those associated with the response and the 

parameters. In the first linear program, where 

copper oxide was the nano-lubricant employed, 

the optimal cutting force suggested by the GWO 

procedure is 128.21N. The corresponding 

inputs of the cutting speed, feed and cutting 

depth that produced the cutting force are 

80m/mm, 0.05mm/rev and 0.1mm respectively. 

This is the linear program tagged objective 1. 

However, for the second linear programme 

tagged objective 2, the nano-fluid used is Al2O3. 

This alternative is compared with the results 

from objective 1 to choose the better option for 

manufacturing decisions. For this option, when 

the GWO procedure was run on the C++ 

computer codes, the suggested optimal cutting 

force is 199.50N. The corresponding inputs of 

the cutting speed, feed and cutting depth that 

yielded the cutting force are 80m/mm, 

0.05mm/rev and 0.1mm respectively. However, 

on comparison of the results from the objective 

1 and objective 2 to choose the better option for 

manufacturing decisions, it was noted that 

objective 2 yielded a better minimum cutting 

force of 199.50N having reduced the cutting 

force relative to objective 1 by 37.73%, which 

is equivalent to the savings in energy costs. 

With the nano-lubricants being considered, the 

tool wear was reduced and a low cost of 

production was guaranteed. However, 

comparing the results obtained using either 

objectives 1 or 2 exceeds the performance of 

using the method stated in El-Sheikh et al. 

(2021), which is higher than that of objective 1 

by 0.609% and objective 2 by 0.247%. 

  

3.1 Grey wolf optimization method 

Now that the empirical models have been 

developed, they will be optimized using the 

grey wolf optimization algorithm. This will be 
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achieved with the aid of the C++ programming 

language. Optimal process parameters will be 

determined for each of the output variables. In 

analyzing the optimum process parameters of 

cutting force (CF), the steps will be explained 

for the first iteration, after which the optimal 

values would be shown for the remainder of the 

iterations. For subsequent output parameters, 

the optimal values obtained would be displayed. 

In this article, the grey wolf is mimicked in its 

natural behaviour along with the parameters of 

the extent to which the wolf chases its prey 

understood as cutting speed from the turning 

perspective (Mairjalili et al., 2014). The grey 

wolf is known to eat its prey with its claws and 

teeth which may be referred to as the feed rate 

in the turning process. Besides, the wolf is also 

known to have a great impact on the eating 

process by exerting force on the prey with a 

measurable distance into the prey's body. This 

is equivalent to the cutting depth in the turning 

process. Thus, this work recognizes these 

important parameters of cutting speeds, feed 

and cutting depth as representatives of the grey 

behaviour which could be symbolized as X1, 

X2 and X3 respectively. But since the capacity, 

ability and strength of wolves differ, the 

parameters of the cutting speed also have lower 

and upper boundaries which represent the 

minimum and maximum effort the grey wolf 

exerts while chasing its prey. 

 

In this instant, the cutting speeds are set at 80 

and 140 m/min respectively. Furthermore, there 

is a varying range of the ability of the grey wolf 

to eat its prey with its claws and teeth taken as 

0.05 and 0.20 mm/rev as the lower and upper 

boundaries respectively for the feed rate. 

Besides, the lower and upper boundary of 0.1 

and 0.4mm respectively for the cutting depth 

defines the exerted force on the prey's body.  

Given the above, boundaries are values in a 

range at which parameters of the turning 

process may be set. Furthermore, for the first 

objective, the population size which is 

interpreted as the number of wolves considered 

for this problem is 5. The number of iterations 

is 100. In addition, the population of the grey 

wolves is modelled randomly with initialization 

steps following. 

 

Step 1 – Random initialization of Grey Wolf 

population 

Random numbers are stochastically generated 

values that are programmed based on an initial 

value called the seed (Mairjalili et al., 2014). 

This enables the reproduction of numbers in 

random sequences often produced by random 

number generators. The idea of random number 

generation to provide an opportunity to capture 

the stochastic behaviour of the grey wolves is of 

interest. Each row containing values of process 

parameters with the upper and lower boundaries 

is referred to as a wolf. A matrix of 5 wolves 

comprising several values between the 

boundaries of all input parameters is generated 

randomly using Equation (4). However, random 

numbers are required for these transformations. 

Then, a detailed analysis of how to obtain the 

predicted input parameters which are randomly 

generated follows for the first wolf. This means 

that the random numbers for the wolf are 

0.806787, 0.7026585 and 0.279458 while the 

corresponding values obtained using each of 

these sequential arranged random numbers in 

Equation 4 to obtain CS, F and CD are 

128.407m/min, 0.159mm/rev and 0.184mm. 

Then by substituting these values into the 

objective functions obtained earlier, the CF 

value obtained is 208.852N for the first wolf. 

By following the same arrangement, CF is 

determined for all the other wolves where they 

are 204.581N, 187.372N, 196.753N and 

204.674N for wolves 2, 3, 4 and 5 respectively. 

 

Furthermore, in optimizing the process 

parameters while turning AISI 4340 alloy, the 

development of an optimized schedule imitates 

the behaviour of grey wolves. While numerous 

iterations are made on several program runs of 

interest, computations are obtained from the 

formula of cutting force being the independent 

variable. The cutting force has been related to 

independent variables such as cutting speed, 

feed and cutting depth. To obtain the best Xα, 

second-best Xβ and third-best Xγ, iterations of 

the objective equations are run. In the context of 

a steel alloy turning environment, iteration 

represents a period substitute for completing the 

task in a short time. Iteration offers a uniform 

period for the computational program to offer a 

value change and compare previously obtained 

values with the current values. 

Step 2 – Find the best Xα, second-best Xβ and 

third-best Xγ positions. 
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The preceding computations are referred to as 

iteration 1. Then, since the researchers are 

minimizing the outcomes the least values are 

picked and taken in sequence of α, β and γ 

(Mairjalili et al., 2014). Here, the value α is the 

least, β is the next to it and γ is the greatest. 

This is the mechanism for implementing step 

2. 

 

Since our objective is to minimize CF, the best 

position will be the wolf with the smallest AF 

S/N ratio; the second best will be the wolf with 

the second smallest S/N value and the third best 

will be the wolf with the third smallest CF S/N 

ratio 
Xα        114.967         0.135678         0.160976            187.372 
Xβ      128.814        0.0602268       0.319825            196.753 

Xγ      133.069        0.0764595        0.335792           204.581 
 

Step 3 – Find X1, X2 and X3 

Some parameters are obtained in the iteration 

process by making use of Equation (5), which 

shows an iteration of 1, maximum iteration as 

100 and a as 1.98 (Mairjalili et al., 2014). 

 

The steps that were followed in obtaining X1 

are shown as follows: 

Calculating A1 = 2a.r-a, where a = 1.98, r = 

0.807489, A1 = 2 x 1.98 x 0.807489 -1.98 = 

1.2177 

while C1 = 2.r = 2 x 0.0249336 = 0.00499. 

Then, Dα = | C1.Xα – X (t ) | 

where C1= 0.00499 
 
Xα        114.967         0.135678         0.160976             

X(t)   128.407         0.158988          0.183837            

 

Dα= | 0.00499 (114.967    0.135678   

0.160976) – (128.407     0.158988     

0.183837)                 

 

Dα = | 127.833   0.158    0.183 | 

X1 = Xα – A1Dα 

X1 = (114.967   0.135678   0.160976) -  

1.2177(127.833   0.158    0.183)  

X1 = -35.917   -0.0515486 -0.0552627 

 

The values for X2 and X3 are obtained 

following similar procedures using the C++ 

programming language. 
 

X1: -35.917    -0.0515486   -0.0552627 

X2: 187.146    0.276427       0.432708 

X3: 194.333     0.179074       0.717135 
 

Step 4 – Find Xnew 

Then Xnew  is obtained by finding the average 

of  X1, X2 and X3 (Mairjalili et al., 2014) 

Xnew:   115.187   0.134651       0.36486 

Since it is observed that the values of  Xnew lie 

in the boundaries given, they are retained. 

 

Step 5 – Carry out the greedy selection 

The values of X process parameters are inserted 

into the objective function to obtain an output 

of CF (Mairjalili et al., 2014). Since our 

objective is to minimize CF, if the value 

obtained is smaller than the value of CF 

previously at that wolf, Xnew replaces that wolf. 

However, if the reverse is the case, then the wolf 

remains as it is. This process is called greedy 

selection. 

 

Carrying out Greedy Selection: 

Previous Value: 208.852 

F (Xnew): 186.496 

The result obtained for CF is smaller than the 

old. Therefore, since the operation is about 

minimization, we replaced the old with the 

new. 

 

Therefore the current population of the wolf 

would be 
CF                         F                            CD                         CF 

115.187           0.134651                  0.36486                186.496 

133.069           0.0764595                0.335792              204.581 
114.967           0.135678                  0.160976              187.372 

128.814           0.0602268                0.319825              196.753 

133.904           0.0633625                0.237223              204.674 

 

The same operations from step 2 to step 5 are 

carried out for the other wolves in the 

population. After each iteration, the best values 

obtained will be the current Xα i.e. the best wolf 

with the smallest S/N value. These values are 

obtained for each of the iterations. At the 100th 

iteration, the process parameters that makeup 

Xα are adopted as the optimal process 

parameters for CF, Table 1.
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Table 1. Optimal process parameters 

Sr./No. Criterion CS  

(m/min) 

F  

(mm/rev) 

CD  

(mm) 

CF  

(N) 

SR  

(µm) 

TW  

(mm) 

1 Minimize CF (CuO) 80.00 0.05 0.10 128.21 - - 

2 Minimize CF (Al2O3) 80.00 0.05 0.10 199.50 - - 

3 Minimize SR (CuO) 80.00 0.07 0.10 - 0.40 - 

4 Minimize SR (Al2O3) 80.16 0.06 0.29 - -23.59 - 

5 Minimize TW (CuO)  80.00 0.05 0.25 - - 0.03 

6 Minimize TW (Al2O3) 80.00 0.05 0.12 - - 0.06 

 

Furthermore, the results of iterations for the 

first wolf are as follows: 
Iteration 1 : 179.871             Iteration 2 : 128.214   
Iteration 3 : 128.214          … 

Iteration 98 : 128.214         Iteration 99 : 128.214  

Iteration 100 : 128.21 

 

3.2 Benefits of adopting grey wolf optimization 

in turning operations 

For several years, new methods have been 

suggested in the turning process, believed to 

have improved turning efficiency. Overtime 

and recently, newly proposed methods are 

expected to be based on theoretical and practical 

aspects of the turning operation. What exactly 

do process engineers and operators in the 

workshop expect from adopting the grey wolf 

optimization? Is it just a concern for high search 

precision or several other benefits are beyond 

the search precision process? This section of the 

article answers with a yes response. Adopting 

the grey wolf optimization procedure benefits 

the search precision of the process engineer and 

the turning operator. High search precision 

implies more appropriate source identification 

quickly. Mimicking the grey wolf optimization 

in turn works on the characteristics of the 

animal in prey searching and killing. Such 

attributes such as recognition of the alpha, beta 

and delta guides' actions and the understanding 

that they are in a better position than other 

members of the group to attain the target of 

catching the prey are critical to the present 

article and of immense practical significance to 

the process engineer and the turning operator.  

 

Next, a critical benefit of adopting the grey wolf 

optimization procedure in this article is to 

enhance the turning efficiency. Before the 

introduction of the present study, several 

workshops rely on the intuition and experience 

of the process engineer and operator but 

measures could be determined using the grey 

wolf optimization procedure. Thus, wasted 

resources and time due to intuition and 

experience usage are saved. This promotes the 

workshop's ability to enhance its operating 

profit margin and relieve workers of 

unnecessary stress using the old method of 

intuition and experience. Furthermore, by 

implementing the grey wolf optimization based 

on turning, accurate yet current turning 

operation data are attained to promote the 

success level of the turning activities in the 

workshop. Besides, a high-quality AISI 4340 

alloy with surface integrity is expected to be 

produced. Consequently, the goodwill of the 

turning workshop will be enhanced. This is 

indirect to enhancing the profit of the workshop.  

 

Besides, this article has several industrial and 

managerial insinuations. First, the article assists 

process engineers and operators of workshops 

to tackle optimization procedures and use this 

as a tool to enhance the profit of the turning 

operation. Next, it assists the workshop to 

establish the worth of jobs and resources 

deployed to execute them through optimization 

procedure using the grey wolf optimization 

method. Furthermore, it will empower the 

process engineer to target the prudent utilization 

of resources as optimal values are compared 

with the achieved thresholds.   

 

4. CONCLUSIONS 

This study has established how to optimize the 

process parameters during the turning of AISI 

4340 alloy on the alternative minimum quantity 

lubrication of A12O3and CuO using the grey 

wolf optimization approach. The use of the grey 

wolf optimization approach with the right 

quantity of input parameters and MQL for the 

alternative nanofluids is found to favour A12O3 

for optimum cutting force and surface 

roughness. However, it favours CuO for 

optimum tool wear attainment. Compared with 

response optimization predicted from Taguchi 



IJIEM (Indonesian Journal of Industrial Engineering & Management) Vol 3 No 3 October 2022, 210-223 

221 

 

and response surface methodology, the use of 

grey wolf optimization is very effective for high 

search precision. This provides quicker 

information for decision-making in a pool of 

conflicting data. This implies that the grey wolf 

optimization approach is a good option to 

optimize the responses of the AISI 4340 alloy 

during the turning operation. 
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