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Abstract
Surface roughness is a main parameter in Computer Numerical Control (CNC) turning technology. The aim of the
present paper is to obtain the optimal parameters of turning process (cutting speed, spindle speed, feed rate and depth of cut)
which results in an optimal of surface roughness for machining aluminum alloy ENAC43400 shaft (46×150mm) in a CNC
turning machine type StarChip 450 by using a carbide cutting tool type DNMG 332; surface roughness was measured using
the POCKET SURF EMD-1500 tester. The results obtained show that the surface roughness (Ra) was about (1.06-1.41μm).
The developed objective model is modeled using the regression method then was optimized by the simulated annealing
method in order to determine the best set of turning parameter values. The present work concludes that the simulated
annealing method can be used forhigh precision modeling and estimation of turning parameters.
© 2015 Jordan Journal of Mechanical and Industrial Engineering. All rights reserved
Keywords: : CNC Turning, Regression Analysis, Optimization, Simulated Annealing Method.

1. Introduction
Machining operation has been the core of the
manufacturing industry since the industrial revolution [1].
A surface manufactured by cutting processes is one of the
most important criteria for quality. Surface roughness is a
significant factor which is not only important for wear,
friction and lubrication, which became traditional for
tribology, but it is also important for sealing,
hydrodynamic, electric, heat transfer. Surface roughness
depends on many variables, such as material couple,
manufacturing type, cutting conditions, etc. Surface
roughness is one of the most important characteristic
variables to be monitored in the cutting processes owing to
the direct relation between the change of surface roughness
and the cutting conditions [2]. For many years, it has been
recognized that the conditions during machining, such as
Cutting Speed, Feed and Depth of Cut (DOC), should be
selected to optimize the economics of the machining
operations. Manufacturing industries in developing
countries suffer from a major drawback of not running the
machine at their optimal operating conditions. Machining
industries are dependent on the experiences and skills of
the machine tool operators for the optimal selection of
cutting conditions. In machining industries, the practice of
using hand book-based conservative cutting conditions are
in progress at the process of the planning level. The
disadvantage of this unscientific practice is the decrease of
*
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productivity due to the sub optimal use of machining
capability [3]. The existing optimization research for CNC
turning is simulated within particular manufacturing
circumstances [4].
In machining operation, the quality of the surface finish
is an important requirement for the work-pieces and
parameters in manufacturing engineering. During the
turning operation, the cutting tool and the metal bar are
subjected to a prescribed deformation as a result of the
relative motion between the tool and work-piece, both in
the cutting speed direction. As a response to the prescribed
deformation, the tool is subjected to thermal loads on those
faces that have interfacial contact with the work-piece or
chip. In the metal-cutting process, during which chips are
formed, the work-piece material is compressed and
subjected to a plastic deformation. Usually, the material
removal occurs in a highly hostile environment with high
temperature and pressure in the cutting zone. The ultimate
objective of the science of metal cutting is to solve
practical problems associated with efficient material
removal in the metal cutting process. To achieve this, the
principle governing the cutting process should be
understood. Knowledge of this principle predicts the
practical result of the cutting process and, thus, the select
the optimum cutting conditions for each particular case
[5].
Surface roughness is commonly considered as a major
manufacturing goal for turning operations in many of the
existing research works. The machining process on a CNC
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lathe is programmed by speed, feed rate and cutting depth,
which are frequently determined based on the machine
performance; the product characteristics are not guaranteed
to be acceptable. Therefore, the optimum turning
conditions have to be accomplished. It is mentioned that
the tool nose run-off will be the performance of the
machining process [6].
Parameter optimization for surface roughness is a hardsolving issue because of the interactions between the
parameters. Problems related to the enhancement of the
product quality and production efficiency can always be
related to the optimization procedures [7].
The convergence speed of evolutionary optimization
techniques to the optimal results is better than that of the
conventional
approaches.
Therefore,
evolutionary
algorithms, such as immune algorithm, differential
evolution algorithm and artificial bee colony algorithm,
have been used in many applications instead of the
conventional techniques [8-12].
The use of the traditional optimization methods, such
as differential measures and enumeration of all possible
solutions, is not very efficient and accurate. The use of met
heuristic algorithms in such incidents can improve the
speed and the accuracy of the computations [13].
Simulated annealing method is one of the efficient
innovative optimization algorithms for solving the
optimization problems. This method was introduced in
1982 by “Kirkpatrik”, “Gelatt”and “Vecchi” [14, 15].
Adaptability and ease of programming over the
optimization problems and tolerability of feasible nonimproving solutions are the most important features of this
method.
The related literature review revealed that several
researchers have attempted to calculate the optimal cutting
conditions in turning operations.
Basim A. Khidhir and Bashir Mohamed et al. [16]
investigate the effect of cutting speed feed and the depth of
cut on surface roughness. It was found that the good
surface roughness is obtained with a higher cutting speed,
a minimum feed rate, and a lower depth of cut.
Ali R. Yildiz [17] developed a hybrid artificial immune
algorithm (AIHC) based on immune algorithm and hill
climbing local search algorithm to solve optimization
problems. The AIHC was effectively applied to a multiobjective I-beam design problem and machine tool spindle
design problem as well as to manufacturing optimization
problems.
Ali R. Yildiz [18] developed a new optimization of
immune algorithm based on immune algorithm and hill
climbing local search algorithm to solve optimization
problems. The hybrid immune algorithm was effectively
applied to a single objective test problem, multi-objective
I-beam and machine-tool spindle optimization problems.
The results obtained by the proposed approach for milling
operations indicate that the hybrid approach is more
effective in optimizing the cutting parameters for milling
operations than the immune algorithm and hybrid immune
algorithm.
Anil Gupta et al. [19] investigated the effect of cutting
speed, feed rate, depth of cut, nose radius and cutting
environment on surface roughness, tool life, cutting force
and power consumption. It has been found that the cutting
speed of 160 m/min, nose radius of 0.8 mm, the feed of 0.1

mm/rev, the depth of cut of 0.2 mm and the cryogenic
environment are the most favorable cutting parameters for
the high speed CNC turning of AISI P-20 tool steel.
Ilhan Asiltürk et al. [20] investigated the effect of
cutting speed, feed rate and depth of cut on surface
roughness of AISI 1040 steel. It was implemented to full
factorial experimental design to increase the confidence
limit and reliability of the experimental data, Artificial
Neural Networks (ANN) and multiple regression
approaches; it was compared with multiple regression and
neural network using statistical methods. It has been found
that the proposed models are capable of predicting the
surface roughness. The ANN model estimates the surface
roughness with high accuracy compared to the multiple
regression model.
Attanasio et al. [21] investigated a series of orthogonal
hard turning tests that were conducted to study the effects
of tool wear and cutting parameters (cutting speed and
feed rate), on white and dark layer formation in hardened
AISI 52100 bearing steel. It has been found that the crater
wear rate is influenced by both cutting speed and feed rate,
while flank wear rate seems to be mainly affected by
cutting speed. It was also found that the thickness of the
white and dark layers increases with the increase of the
tool flank wear. Moreover, a higher cutting speed
generates thicker white layers and thinner dark layers. In
addition, smaller feed rates moderately influence the white
layers thickness, while the latter rises with a higher feed
rate. In contrast, the dark layers thickness decreases with
the increase of the feed rate, especially when flank wear
values of higher than 0.075 mm were observed.
Ali R. Yildiz [22] studied the optimization of cutting
parameters in turning operations. The population-based
optimization technique, such as differential evolution
algorithm, is becoming more popular in the design and
manufacturing tasks because of the availability and
affordability of high-speed computers.
Ilhan Asiltürk and Süleyman Neseli [23] tried to
determine the effect of cutting parameters, namely cutting
speed, depth of cut and feed rate on surface roughness
during machining of AISI 304 austenitic stainless. Then,
the model for the surface roughness, as a function of
cutting parameters, is obtained using the Response Surface
Methodology (RSM). It was found that the feed rate is the
dominant factor affecting the surface roughness, which is
minimized when the feed rate and depth of cut are set to
the lowest level, while the cutting speed is set to the
highest level. The percentages of error all fall within 1%,
between the predicted values and the experimental values.
Suleyman Neseli et al. [24] investigated the effect of
tool geometry parameters on the surface roughness during
turning of AISI 1040 steel. They developed a prediction
model related to average surface roughness (Ra) using
experimental data. It was found that the tool nose radius
was the dominant factor on the surface roughness with
51.45% contribution in the total variability of model. Also,
the approach angle and the rake angle are significant
factors on surface roughness with 18.24% and 17.74%
contribution in the total variability of model, respectively.
In addition, a good agreement between the predicted and
measured surface roughness was observed.
H. K. Dave et al. [25] investigated the machining
characteristics of different grades of EN materials in CNC
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turning process using Tin coated cutting tools. The present
study focuses on the analysis of optimum cutting
conditions to get the lowest surface roughness and
maximum material removal rate in CNC turning of
different grades of EN materials by Taguchi method. It
was found that ANOVA showed that the depth of cut has
plays a significant role in producing higher MRR and that
insert has a significant role in producing a lower surface
roughness. Thus, it is possible to increase the machine
utilization and decrease the production cost in an
automated manufacturing environment.
M. Kaladhar et al. [26] investigated the effects of
process parameters on surface finish and Material
Removal Rate (MRR) to obtain the optimal setting of these
process parameters. The Analysis Of Variance (ANOVA)
is also used to analyze the influence of cutting parameters
during machining. In the present work, AISI 304 austenitic
stainless steel work-pieces are turned on Computer
Numerical Controlled (CNC) lathe by using Physical
Vapor Deposition (PVD) coated cermets insert (TiCNTiN) of 0.4 and 0.8 mm nose radii. It was found that the
feed and nose radius are the most significant process
parameters on the work-piece surface roughness. However,
the depth of cut and feed are the significant factors on
MRR. Optimal range and optimal level of parameters are
also predicted for responses.
Anderson P. Paiva et al. [27] conducted an experiment
on AIAI 52100 with different parameters (cutting speed,
feed rate and depth of cut). The outputs considered were
(the mixed ceramic tool life, processing cost per piece,
cutting time, the total turning cycle time, surface
roughness and material removing rate). The results
indicated that the multi response optimization was
achieved at a cutting speed of 238 m/min, with a feed rate
of 0.08 mm/rev and at a depth of cut 0.32 mm.
Tian Syung Lan [28] investigated the effect of cutting
speed, feed, cutting depth, tool nose runoff with three
levels (low, medium, high) n MRR in finish turning based
on L9(34) orthogonal array. It was found that the material
removal rates from the fuzzy Taguchi deduction
optimization parameters were all significantly advanced
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compared to those from the benchmark. Also it has been
declare that contributed the satisfactory fuzzy linguistic
approach for the MRR in CNC turning with profound
insight.
2. Experimental Part
In machining operations, the quality of the Surface
Roughness (Ra) plays an important role for many turned
work-piece. ENAC43400 Aluminum alloy shaft
(46×150mm) was machined on CNC lathe (type StarChip
450) by using a carbide cutting tool, as shown in Figure 1.

Figure 1. CNC lathe use in experimental work [29]

The chemical composition of ENAC43400 aluminum
alloy is shown in Table 1.
Table 1. Chemical composition of ENAC43400 aluminum alloy
Element Si

Fe

Mg Mn

Cr

Cu

Ti

Zn Other Al

Wt % 10.40 0.70 0.30 0.20 0.02 0.10 0.05 0.13 0.15 Bal.

Surface roughness was measured using an automatic
digital POCKET SURF EMD-1500. Table 2 lists the range
of machining parameters use in experimental work.
Table 2. Experimental machining parameters
Cutting parameters
Cutting Speed (m/min)
Spindle Speed (RPM)
Feed Rate (mm/rev)
Depth of cut (mm)

Operational Range
165-250
1142-1941
0.5-0.7
0.5-1

The measured Surface Roughness (Ra) values from experimental
data is shown in Table 3.
Table 3. Data obtained from experimental work for Surface Roughness
Experiment No.
1
2
3
4
5
6
7
8
9

Cutting Speed
(m/min)
165
165
165
200
200
200
250
250
250

Spindle Speed
(RPM)
1142
1447
1941
1142
1447
1941
1142
1447
1941

All specimens are cylindrical with a diameter equal to
46 mm, and a length equal to 150 mm, Surface Roughness
for the specimens before machining are equal to 3.16µm.
3. Multiple Regression Modeling
After the surface roughness is obtained for all
nβ0 + β1Σ X1i + β2 Σ X2i + β3 Σ X3i + β4 Σ X4i = Σ Yi

Feed Rate
(mm/rev)
0.05
0.06
0.07
0.06
0.07
0.05
0.07
0.05
0.06

Depth of cut
(mm)
0.5
0.75
1
1
0.5
0.75
0.75
1
0.5

Surface Roughness
(µm)
1.4
1.18
1.41
1.06
1.3
1.26
1.16
1.13
1.2

experiments, a table needs to be filled in order to obtain
several values for the analysis. In order to obtain
regression coefficient estimates β0, β1, β2, β3, and β4, it is
necessary to solve the given simultaneous system of linear
equations.
(1)
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β0Σ X1i + β1 Σ X21i + β2 Σ X1i X2i+ β3 Σ X1i X3i + β4 Σ X1i X4i = Σ X1i Yi

(2)

β0Σ X2i + β1 Σ X1i X2i + β2 Σ X22i + β3 Σ X2i X3i + β4 Σ X2i X4i = Σ X2i Yi

(3)

β0Σ X3i + β1 Σ X1i X3i + β2 Σ X2i X3i + β3 Σ X

+ β4 Σ X3i X4i = Σ X3i Yi

(4)

β0Σ X4i + β1 Σ X1i X4i + β2 Σ X2i X4i + β3 Σ X3i X4i + β4 Σ X24i = Σ X4i Yi

(5)

2

3i

The simultaneous system of linear equations above can be simplified into a matrix form. The values of regression
coefficients estimated can then be more easily obtained.
𝑛



𝑥1𝑖

𝑥2𝑖

𝑥3𝑖

𝑥1𝑖

2
𝑥1𝑖

𝑥1𝑖 𝑥2𝑖

𝑥1𝑖 𝑥3𝑖

𝑥2𝑖

𝑥1𝑖 𝑥2𝑖

2
𝑥2𝑖

𝑥2𝑖 𝑥3𝑖

𝑥3𝑖

𝑥1𝑖 𝑥3𝑖

𝑥2𝑖 𝑥3𝑖

2
𝑥3𝑖

𝑥4𝑖

𝑥1𝑖 𝑥4𝑖

𝑥2𝑖 𝑥4𝑖

𝑥3𝑖 𝑥4𝑖

𝑥4𝑖

𝑌𝑖

𝑥1𝑖 𝑥4𝑖 𝛽0
𝛽1
𝑥2𝑖 𝑥4𝑖 𝛽2 =
𝛽3
𝑥3𝑖 𝑥4𝑖 𝛽4
2
𝑥4𝑖

𝑋2𝑖 𝑌𝑖

(7)

Where:
Yi= surface roughness (µm)
X1i= cutting speed (m/min)
X2i = spindle speed (RPM)
X3i = Feed rate (mm/rev)
X4i = depth of cut (mm)
After solving the system of the equations above, the
regression equation obtained to predict surface roughness
is:
Surface Roughness = 1.52 - 0.00189 Cutting Speed +
0.000111 Spindle Speed + 1.33 Feed Rate - 0.200 Depth of
cut

(6)

𝑋3𝑖 𝑌𝑖


After the simultaneous system of the linear equations
above is solved, the regression coefficient estimates will
be substituted by the following regression model for
surface roughness.
Yi= β0 + β1 X1i + β2 X2i + β3 X3i + β4 X4i

𝑋1𝑖 𝑌𝑖

𝑋4𝑖 𝑌𝑖

cut) are: Lower: 165, 1142, 0.05, 0.5. Upper: 250, 1941,
0.07, 1). The optimal solution is a combination of
machining parameters that result in minimum surface
roughness.
The parameters of applying simulated annealing
method are:
 Start point: 165, 1142, 0.05, 0.5
 Annealing Function: fast annealing
 No. of iteration: 2346
The final objective function value found by the
simulated annealing method for surface roughness is
(1.049 µm) which corresponds to the following machining
parameters, shown as the best point in Figure 2:
 Cutting speed: 249.43 m/min,
 Spindle speed: 1210.077 rev/min,
 Feed rate: 0.05 mm/rev,
 Depth of cut: 0.999 mm
Conclusions

4. Simulated Annealing Method
In the present work, the simulated annealing method
has been applied to determine the optimal set of machining
parameters required in turning ENAC43400 Aluminum
alloy. This method begins with an initial solution and
stepwise searches the solution domain for optimal solution.
At each iteration, a new solution in the neighborhood of
the current solution is generated and evaluated. A move to
new solution is then made under the following conditions
[30]: (a) If the objective functions value of the new
solution is better than the current one, and (b) If the value
or the probability function implemented in simulated
annealing has a higher value than a randomly generated
number between zero and one.
For the simulated annealing of turning operation, every
feasible solution is a combination of cutting speed, spindle
speed, feed rate and depth of cut within their specified
ranges (constraints lower and upper bounds, shown in
Table 2, (cutting speed, spindle speed, feed rate, depth of

CNC turning process modeling of ENAC43400
aluminum alloy, based on multiple regression models, is a
successfully implemented and developed model and it is
optimized with simulated annealing algorithm. The surface
roughnesses (Ra) in the present work are about (1.061.41μm).
Selecting Cutting speed in 249.43 (m/min), Spindle
speed in 1210.077 (rev/min), Feed rate in 0.05 (mm/rev)
and Depth of cut value in 0.999 (mm) conclude an
optimum machining condition in multi performance
characteristics. This work shows that the multiple
performance characteristics, such as surface roughness,
can be improved by using this method. Also, the simulated
annealing due to adaptability and ease of programming are
a powerful tool for optimum condition determination.
Analysis of variance suggests that the insert is the most
significant factor for Ra.
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Figure 2. Results of Simulated Annealing Method.

References
[1] Rao, R. V., “Machinability evolution of work materials using a
combined multiple attribute decision-making method”,
International Adv. Manuf. Technology, Vol. 28 (2006), 221227.
[2] Ilhan and Ali., ̋ Development of a Neural Network Based
Surface Roughness Prediction System using Cutting
Parameters and an Accelerometer in Turning ̋, Department of
Mechanical Education, Faculty of Technical Education,
University of Seljuk, Turkey, IEEE, 2010.
[3] H. M. Somashekara and N. Lakshmana, ̋Optimizing Surface
Roughness in Turning Operation using TAGUCHI
Technique and ANOVA", International Journal of
Engineering Science and Technology, Vol. 4 (2012), No. 05,
India.
[4] Sivarao, P. Brevern and N.S.M. El-Tayeb, “A new approach of
adaptive network-based fuzzy inference system modeling in
laser processing - A Graphical User Interface (GUI) based",
Journal of Computer Science, Vol. 5 (2009), 704-710.
[5] Rakesh K. Patel and H. R. Prajapati, “Parametric Analysis of
Surface Roughness and Material Removal Rate of Harden
Steel on CNC Turning using ANOVA Analysis".
International Journal of Engineering Science and
Technology, Vol. 4 (2012), No. 07.
[6] Tosun, N. and L. Ozler, “Optimization for hot turning
operations with multiple performance characteristics”,
International Journal Advantage Manufacturing Technology,
Vol. 23 (2004), 777-782.
[7] Suhail, A.H. et al, “Optimization of cutting parameters based
on Surface Roughness and assistance of workpiece surface
temperature in turning process”, American Journal
Engineering Applied Science, Vol. 3 (2010), 102-108.

[8] A. R. Yildiz, “A new design optimization framework based on
immune algorithm taguchi method”, Computers in Industry,
Vol. 60 (2009) No. 8, 613-620.
[9] A. R. Yildiz, “Hybrid Taguchi-differential evolution algorithm
for optimization of multi-pass turning operations”, Applied
Soft Computing, Vol. 13 (2013), No. 7, 1433-1439.
[10] A. R. Yildiz, “A new hybrid differential evolution algorithm
for the selection of optimal machining parameters in milling
operations”, Applied Soft Computing, Vol. 13 (2013) No. 6,
1561-1566.
[11] A. R. Yildiz, “A new hybrid artificial bee colony algorithm
for robust optimal design and manufacturing”, Applied Soft
Computing, Vol. 13 (2013) No. 7, 2906-2912.
[12] A. R. Yildiz, “Optimization of cutting parameters in multipass turning using artificial bee colony-based approach”,
Information Sciences, Vol 220 (2013) No. 9, 399-399.
[13] Q. R. Sardinas, R. M. Santana and A.E. Brindis, “Genetic
algorithm-based multi-objective optimization of cutting
parameters in turning processes". The International Journal of
Engineering Applications of Artificial Intelligence, Vol.19
(2006), 127–133.
[14] F. Kolahan, M. H. Abolbashari and S. Mohitzadeh ,
“Simulated
Annealing
Application
for
Structural
Optimization", World Academy of Science, Engineering and
Technology, No. 35, (2007).
[15] Kevin Ian Smith, “A Study of Simulated Annealing
Techniques for Multi-Objective Optimization”, PhD thesis,
University of Exeter, 2006.
[16] Basim A. Khidhir and Bashir Mohamed “Analyzing the
effect of cutting parameters on surface roughness and tool
wear when machining nickel based hastelloy-276” IOP
Publishing, 2011.
[17] A. R. Yildiz, “An effective hybrid immune-hill climbing
optimization approach for solving design and manufacturing

44

© 2015 Jordan Journal of Mechanical and Industrial Engineering. All rights reserved - Volume 9, Number 1 (ISSN 1995-6665)

optimization problems in industry”, Journal of Materials
Processing Technology, Vol. 50 (2009) No. 4), 224-228.
[18] A. R. Yildiz, “A novel hybrid immune algorithm for global
optimization in design and manufacturing”, Robotics and
Computer-Integrated Manufacturing, Vol. 25 (2009), No. 10,
261-270.
[19] Anil Gupta and et al “Taguchi-fuzzy multi output
optimization (MOO) in high speed CNC truing of AISI P-20
tool steel”, Expert System with Application, 6822-6828,
2011.
[20] Ilhan Asiltürk and Mehmet Çunkas, “Modeling and
predication of Surface Roughness in truing operations using
artificial neural network and multiple regression method”,
Expert System with Applications, Vol 38 (2011), 5826-5832.
[21] Attanasio, D. Umbrello, C. Cappellini, G. Rotella, R.M.
Saoubi et al, “Study the effects of tool wear and cutting
parameters on white and dark layer formation in hardened
AISI 52100 bearing steel” 2011.
[22] A. R. Yildiz, “A comparative study of population-based
optimization algorithms for turning operations”, Information
Sciences, Vol. 210 (2012) No. 8, 81-88. .
[23] Ilhan Asiltürk and Süleyman Neseli, “Multi response
optimization of CNC turning parameters via Taguchi method
based response surface analysis”, Measurement, Vol. 45
(2012) 785-794.
[24] Suleyman Neseli, Suleyman Yaldiz, Erol Turkes,
“Optimization of tool geometry parameters for turning

operations based on the response surface methodology”,
Measurement, Vol. 44 (2011), 580-587.
[25] H. K. Dava, L. S. Patel, H. K. Raval, “Effect of machining
conditions on MRR and Surface Roughness during CNC
Turning of different Materials Using TiN Coated Cutting
Tools- A Taguchi approach”, International Journal of
Industrial Engineering Computations Vol. 3 (2012).
[26] M. Kaladhar, K. Venkata Subbaiah, Ch. Srinivasa Rao
“Determination of Optimum Process parameters during
turning of AISI 304 Austenitic Stainless Steel using Taguchi
method and ANOVA “International Journal of lean thinking,
Vol. 3 (2012), Issue 1.
[27] Anderson P. Paiva, Joao Roberto Ferreira, Pedro P.
Balestrassi “A multivariate hybrid approach applied to AISI
52100 hardened steel turning optimization”, Journal of
Materials Processing Technology, Vol. 189 (2007), 26-35.
[28} Tian Syung Lan“Fuzzy Deduction Material Removal Rate
Optimization for Computer Numerical Control Turning”,
American Journal of Applied Sciences, (2010) 1026-1031.
[29] StarChip 450- CNC Inclined Bed Lathe, Address: 81-301,
Frunze prospect, Vitebsk, 210033, Belarus Catalog.
[30] F. Kolahan, R. Golmezerji, M. A. Moghaddam, “Multi
Objective Optimization of Turning Process using Grey
Relational Analysis and Simulated Annealing Algorithm”,
Applied Mechanics and Materials Vol. 110-116 (2012),
2926-2932.

