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Abstract: This paper presents an experimental study related to the optimization of cutting parameters in roughing turning of AISI 1045 
steel under flooded conditions. The aim is to find a suitable combination of cutting parameters (cutting speed, depth of cut and feed rate) that 
minimize specific cutting energy and maximize material removal rate. The machining experiments were performed based on the Taguchi L27 
full-factorial orthogonal array and response surface methodology (RSM) has been used to obtain the regression model for the specific 
cutting energy and material removal rate. Analysis of variance (ANOVA) was used to find out the significance of each cutting parameter. 
Finally, the developed models were interfaced with an artificial bee colony (ABC) to determine the optimal set of cutting parameters. 
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1. Introduction 
In the last decade, energy related issues has been point of 

interest in miscellaneous manufacturing industries. In the metal 
cutting industry, energy consumption is an important metric in 
sustainability analysis since reducing energy consumption of 
machine tools can significantly improve the environmental 
performance of manufacturing processes and systems [1]. Thus, 
significant research has been conducted to study the energy 
consumption in machining with purpose to achieve sustainable 
manufacturing [2]. The turning is one of the most extensively used 
machining methods in modern manufacturing industry and many 
researchers have investigated realization of energy savings via 
parameter optimization. Aggarwal et al. [3] optimized power 
consumption in turning of AISI P-20 tool steel under different 
cutting environments. Neugebauer et al. [4] investigated the effects 
of cutting tool materials and geometry on the energy efficiency of 
hard turning processes. Guo et al. [5] optimize the energy 
consumption and the surface roughness in dry turning of steel and 
aluminum. Velcev et al. [6] devised an equation for determining the 
optimum cutting speed by applying the minimum energy criterion. 
Hanafi et al. [7] simultaneously optimized power consumption and 
surface quality in turning using TiN coated tools under dry 
conditions. Rajemi et al. [8] optimized the total energy of the 
turning process to derive an economic tool life. Camposeco-Negrete 
[9] determined the optimal levels of the turning parameters that lead 
to minimum energy consumption and minimum surface roughness. 
Bagaber and Yusoff [10] optimized machining parameters, 
including power consumption and the traditional quality 
characteristics of surface roughness and tool wear during the 
turning of AISI 316 under dry conditions. Suresh et al. [11] 
optimized cutting force, power, specific cutting force, tool wear and 
surface roughness in dry turning using coated carbide tool. Bhushan 
[12] simultaneously optimize energy consumption and tool life 
during turning of metal matrix composites. Park et al. [13] optimize 
the machining parameters of the turning process for hardened AISI 
4140 steel to improve energy efficiency.  

Growing energy demand push manufacturing industries to 
search for high energy efficiency and low cost solutions. At the 
same time, these industries are incessantly challenged for obtain 
higher productivity in order to continue to be competitive. 
Therefore, optimization of machining parameters is crucial to 
achieve sustainable and economic manufacturing processes. 
Nowadays, the optimization techniques based on artificial 
intelligence are becoming more popular in various engineering 
areas. In this paper, the artificial bee colony (ABC) algorithm, 
which mimics the intelligent foraging behavior of honey bees 
algorithm is employed to solve the parameter optimization problem 
of turning process. The specific cutting energy (SCE) and material 
removal rate (MRR) were selected as objective functions.  

2. Experimentation 
In order to observe the degree of influence of three process 

parameters including cutting speed, depth of cut and feed rate three 
levels of each factors were considered, and an L27 orthogonal array 
was selected. The selected parameters are listed in Table 1, along 
with their applicable units, symbols, and values. 

Table 1: Parameters, units, symbols, and level values used for the 
orthogonal array. 

Parameters Unit Symbol Level 1 Level 2 Level 3 

Cutting speed [m/min] vc 210 320 400 

Depth of cut [mm] a 1.5 2.0 2.5 

Feed rate [mm/rev] f 0.224 0.280 0.355 

 

Turning experiments have been carried out on the universal 
lathe VDF Boehringer Prvomajska. All the machining tests were 
realized under flooded conditions using cutting fluid with a 3% 
emulsion of vegetable oil. In this investigation, the workpiece 
material was the Ck45E (AISI 1045) carbon steel of diameter 150 
mm and SUMITOMO SNMG 1204 08 NMX carbide cutting tool 
was used. The cutting forces are measured with a three component 
dynamometer Kistler 9259A.The measurement chain also includes a 
charge amplifier (Kistler 5001), a spectrum analyzer (HP3567A), 
and a personal computer for data acquisition and analysis. 

At present, due to an easy concept to understand and 
calculate, most studies use specific cutting energy (SCE) to express 
energy efficiency of the machining processes. SCE is defined as the 
energy consumed to remove a unit volume of material and it is one 
of the best ways of quantitatively measuring the efficiency of the 
metal cutting process or the machinability of a workpiece [14]. The 
specific cutting energy was computed from the main cutting force 
and turning parameters by using following equation: 

SCE c c c

c c

P F v
a f v a f v

⋅
= =

⋅ ⋅ ⋅ ⋅
                                                          (1) 

where Pc, Fc, a, f, and vc represent the cutting power, main cutting 
force, depth of the cut, feed rate, and cutting speed, respectively. 

The most common indicator of productivity of the metal cutting 
processes is material removal rate (MRR). The values of these two 
performance characteristic are given in Table 2. 
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Table 2: Experimental data and results for specific cutting energy and 
material removal rate. 

Exp. 
No. 

Process parameters Responses 

vc 
[m/min] 

a  
[mm] 

f 
[mm/rev] 

SCE 
[J/mm³] 

MRR 
[cm³/min] 

1. 210 1.5 0.224 2395.8 70.6 

2. 210 1.5 0.280 2247.6 88.2 

3. 210 1.5 0.355 2170.9 111.8 

4. 210 2 0.224 2272.3 94.1 

5. 210 2 0.280 2078.6 117.6 

6. 210 2 0.355 2067.6 149.1 

7. 210 2.5 0.224 2208.9 117.6 

8. 210 2.5 0.280 2027.1 147 

9. 210 2.5 0.355 2066.5 186.4 

10. 320 1.5 0.224 2375 107.5 

11. 320 1.5 0.280 2214.3 134.4 

12. 320 1.5 0.355 2187.8 170.4 

13. 320 2 0.224 2207.6 143.4 

14. 320 2 0.280 2030.4 179.2 

15. 320 2 0.355 2043.7 227.2 

16. 320 2.5 0.224 2162.5 179.2 

17. 320 2.5 0.280 2008.6 224 

18. 320 2.5 0.355 1993.2 284 

19. 400 1.5 0.224 2297.6 134.4 

20. 400 1.5 0.280 2188.1 168 

21. 400 1.5 0.355 2157.7 213 

22. 400 2 0.224 2192 179.2 

23. 400 2 0.280 2028.6 224 

24. 400 2 0.355 2035.2 284 

25. 400 2.5 0.224 2133.9 224 

26. 400 2.5 0.280 1972.9 280 

27. 400 2.5 0.355 1969.6 355 

 

3. Artificial bee colomy alogrithm 
Artificial bee colony (ABC) algorithm was initially proposed by 

Karaboga [15]. This algorithm is inspired by the intelligent foraging 
behavior of honey bees. Similar to the concept of other 
evolutionary algorithms such as particle swarm optimization (PSO) 
and ant colony optimization (ACO), this algorithm is capable of 
tracing good quality of solutions. In the ABC algorithm, there are 
three types of bees: employed bees, onlooker bees, and scout bees. 
Each type of bee bears a different task. The employed bees exploit 
the food source and share this information with onlooker bees. The 
onlooker bees tend to select good food sources according to the 
probability proportional to the quality of that food source. 
Whenever a food source is exploited fully, that food source is called 
off and all the employed bees corresponding to that food source 
abandon it and become scout. The scout bee then performs 
exploration procedure and random exploitation search with purpose 
to find a new food source.  

In the ABC algorithm the initial population is generated by 
using a random approach. Let Xi = {xi,1, xi,2, ..., xi,D} represent the    
𝑖𝑖-th food source in the population, where 𝐷𝐷 is the dimension size. In 
order to produce a new candidate solution Vi = {vi,1, vi,2, ..., vi,D} the 
ABC uses the following equation: 

( ), , , , ,i j i j i j i j k jv x x xφ= + −                                                    (2) 

where k ϵ {1, 2, ..., SN}and j ϵ {1, 2, ..., D} are randomly chosen 
indexes (k ≠ j), SN is the number of food sources which is equal to 
the number of employed bees or onlooker bees and Φi,j is a random 
number in the range [-1, 1].  

In onlooker bee phase, apply greedy selection between vi and xi, 
and compute the probabilities of winning food sources using the 
following expression: 

1

i
i SN

nn

fitp
fit

=

=
∑

                                                                         (3) 

where fiti is the fitness value of the i-th solution which is 
proportional to the nectar amount of the food source in the position 
i. As seen, the better the solution i, the higher the probability of 
the i-th food source selected. 

If a food source cannot be further improved over a 
predefined number (limit cycles), then the food source abandoned. 
Assume that the abandoned source is Xi and j ϵ {1, 2, ..., D},then the 
scout discovers a new food source to be replaced with Xi. This 
operation can be defined as in Eq. (4). 

( )( ), min, max, min,rand 0,1i j j j jx x x x= + −                                      (4) 

where rand(0, 1) is a random number within [0, 1] based on a 
normal distribution and xmin,j and xmax,j are lower and upper 
boundaries for the dimension j, respectively. 

4. Results and discussion 
Prior to the optimization process, it is obligatory to determine a 

relationship between machining parameters and objective functions. 
In this study response surface methodology was applied to correlate 
considered machining parameters (cutting speed, depth of cut and 
feed rate) with SCE and MRR in form of reduced quadratic model. 
A variance analysis of the specific cutting energy and material 
removal rate was made with the objective of analyzing the influence 
of cutting speed, depth of cut and feed rate on the results. For the 
case of SCE the regression equation of the fitted model is given by 
Eq. (5), where the most significant parameters have been included 
from the results obtained from the regression analysis (α = 0.05). 
The model F-value of 184.37 implies the model is significant.  
There is only a 0.01% chance that a "model F-value" this large 
could occur due to noise. P-values smaller than 0.05 indicate model 
terms that are significant. The R-squared statistic indicates that the 
model as fitted explains 97.77% of the variability in R. The adjusted 
R-squared statistic, which is more suitable for comparing models 
with different numbers of independent variables, 
was 97.24%. Signal to noise ratio of developed model was 45.5. 

Yu(SCE)=5412.4-0.327·vc-958.1·a-13350·f+192.5·a²+20781.2·f²       (5) 

The mathematical relationship obtained for analyzing the 
influences of the various dominant machining parameters on the 
material removal rate criteria is given by Eq. (6). The model F-
value of 5275.19 implies the model is significant. P-values smaller 
than 0.05 indicate model terms that are significant. The R-squared 
statistic indicates that the model as fitted explains 99.94% of the 
variability in R. For MRR model, the adjusted R-squared statistic 
was 99.92%, while signal to noise ratio was 275.59. 

Yu(MMR)=177.5-0.573·vc-88.8·a-620·f+0.286·vc·a+2·vc·f+2·a·f   (6) 

The Eqs. (5) and (6) were used to test the accuracy of the 
developed RSM-based models using the experimental data of full 
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factorial design. The comparison of the predicted and the 
experimental values of SCE and MRR for the experimental data 
during turning of C45E carbon steel of is shown in Fig. 1. 

 

 
Fig. 1 Comparison of experimental and predicted values of 
specific cutting energy (above) and material removal rate (below) 

 

The optimization problem in this study was solved by coupling 
the RSM specific cutting energy and material removal rate models 
with the artificial bee colony (ABC) algorithm. The optimization 
model can be expressed by the following mathematical problem: 

Find: X = [vc, a, f] 
Minimize: F(X) 
Subject to: vcmin ≤  vc ≤ vcmax, amin ≤  a ≤ amax, fmin ≤  f ≤ fmax. 
 

In this research, the turning process required qualities is that 
specific cutting energy must be kept small whereas the material 
removal rate have to be maximized as possible. Therefore, these 
two performance characteristics resulting a two-objective 
optimization problem, i.e., minimizing specific cutting energy and 
maximizing material removal rate. For multi-objective optimization 
of these two responses, the following objective function is 
developed: 

( ) ( ) ( )1 2

min max

u uw Y SCE w Y MRR
Min X

SCE MRR
⋅ ⋅

= −                                  (7) 

where w1 and w2 are the weight values assigned to SCE and MRR, 
respectively, SCEmin is the minimum value of SCE, and MRRmax is 
the maximum value of MRR.  These minimum and maximum 
values of the responses are obtained from the experimental results. 
The weight values can be anything provided that w1 + w2 = 1 and it 
depends on the priorities of the considered responses as set by the 
process engineers. Here, equal weights for all the responses are 
considered, i.e. w1 = w2 = 0.5. In the ABC optimization process, the 
commonly used ABC operation parameters were adopted, namely 
the population number and the maximum evaluation number, were 
set as 80 and 4000, respectively. Apart from common parameters, 
the basic ABC algorithm utilized in this paper employs only one 
control parameter, which is called limit. A food source is assumed 
to be abandoned when limit is exceeded for the source. In this 

study, Eq. (8) define the limit value in terms of the population size 
(SN) and dimension of the problem (D): 
 

limit = SN · D                                                                           (8) 

The minimum value of the objective function (X = 0.0043) is 
obtained for ABC algorithm. The ABC optimization approach 
results show that the best combination process parameters values 
for simultaneously optimizing specific cutting energy and material 
removal rate using the proposed fitness function was: 400 m/min, 
2.5 mm and 0.355 mm/rev, for cutting speed, depth of cut and feed 
rate, respectively. This process parameters optimal combination 
corresponds to: SCE = 1969.5 J/mm3 and MRR = 355 cm3/min. 

5. Conclusions 
This study concerns an experimental and optimization study of 

turning of C45E carbon steel (42 HRC) with a carbide cutting 
tool. In order to economically obtain the quality characteristics, the 
experiments, based on Taguchi’s L27 orthogonal array, were carried 
out to study the effect of various machining parameters, namely, 
cutting speed, depth of cut and feed rate on specific cutting energy 
and the material removal rate. A reliable models for these two 
performance characteristics were developed using response surface 
methodology. Analysis of variance was used to find out the 
significance of each cutting parameter. The elaborated RSM models 
were interfaced with an ABC algorithm to find the optimum process 
parameter values. The optimum combinations of input parameters, 
minimum specific cutting energy and maximum material removal 
rate were obtained. 
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