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Abstract Simulated annealing, genetic algorithm, and
particle swarm optimization techniques have been used for
exploring optimal machining parameters for single pass
turning operation, multi-pass turning operation, and surface
grinding operation. The behavior of optimization tech-
niques are studied based on various mathematical models.
The objective functions of the various mathematical models
are distinctly different from each other. The most affecting
machining parameters are considered as cutting speed, feed,
and depth of cut. Physical constraints are speed, feed, depth
of cut, power limitation, surface roughness, temperature,
and cutting force.

Keywords Machining parameters . Three mathematical
models . Optimization techniques

1 Introduction

In today’s manufacturing environment, to ensure the quality
of the machining products, to reduce the machining costs,
and to increase the machining effectiveness, it is very
important to select the machining parameters when the
machine tools are selected in computer numerical con-

trolled (CNC) machining. The main objective in machining
is to produce products with low cost but with high quality.
Cost consciousness with respect to the metal cutting
process is an essential element in efficient manufacturing.
So, it is essential to analyze the metal cutting operations to
operate at economic conditions.

Due to high capital cost and machining cost of CNC
machines, there is an economic need to operate machines as
efficiently as possible in order to obtain the required
payback. The success of the machining operation mainly
depends on the selection of machining parameters such as
cutting speed, feed, and depth of cut. A process planner
selects the machining parameters based on his experience
and from the available handbooks. But these parameters do
not yield optimal values and cannot minimize production
cost. Conventional methods of determining optimal machin-
ing parameters require the use of large numbers of mathemat-
ical formulas that are developed from experimental data. But
any set of experiments usually contains systematic and
random errors. Since the optimization process is a decision
making process, the results obtained should enhance the
objectives.

Agapiou [1] has investigated the optimization problem
for multi-stage machining systems. This literature proposed
Nelder-Mead simplex method for optimization. Here, the
author utilized the idle time to the full extent at all
machining stations, with the intension of improving tool
life and, thus, achieving the cost reduction. Later, the author
developed a combined objective of cost and time using
weighted coefficient method. Y. C. Shin et al. [2] have
presented a model for multi-pass turning, and dynamic
programming was used for selection of depth of cut for
individual passes. X. M. Wen et al. [3] have developed a
micro-computer-based optimization technique to optimize
grinding condition viz wheel speed, work piece speed,
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depth of dressing, and lead of dressing and employed
combined objective function model with a weighted
approach. The quadratic programming was used to solve
the surface grinding optimization problem, subjected to
constraints such as thermal damage, wheel wear parame-
ters, machine tool stiffness, and either surface finish or
production rate. Bob White et al. [4] have added the quality
cost of the part as an important element to the machining
cost. This model determines the effect of surface roughness
on the production cost. Chen et al. [5] have developed an
optimization model for a continuous profile using simulated
annealing approach. In this machining model, straight
turning, taper turning, and circular turning were simulta-
neously considered. P. K. Kee [6] has studied the
development of constraint optimization analysis and strat-
egies for selecting the optimum cutting conditions for
multi-pass rough turning operations in CNC, and conven-
tional lathe was outlined and discussed. Bhaskara Reddy et
al. [7] have used genetic algorithm to select optimal depth
of cut to achieve minimum production cost in multi-pass
turning operations. M. C. Chen et al. [8] have developed an
optimization model for a continuous profile using simulated
annealing approach. In this machining model, straight
turning, taper turning, and circular turning were simulta-
neously considered. Cheol Lee W. et al. [9] have developed
a framework of modeling, the complex grinding processes,
and finding optimal process condition. Evolution strategies
were proposed for the optimization of grinding process.
James Kennedy et.al. [10] have developed particle swarm
optimization which is a population-based search procedure
that could yield global optimum solution. Y. V. Hui et al.
[11] have developed a time dynamic economic model for a
single pass turning operation. This literature provided a
quality machining economical model for turning to inves-
tigate the trade-off between quality cost and other cost
factors. G. C. Onwubolu et al. [12] implemented genetic
algorithm for the determination of the cutting variables in
multi-pass machining operations. The depth of cut con-
strained for the multi-pass turning was not considered. K.
Choudhri et al. [13] have also suggested genetic algorithm
to find the optimum machining conditions in turning. In
this work, two objective functions, namely unit production
time and unit production cost, were optimized after
satisfying few practical constraints. Suresh et al. [14] have
used genetic algorithm to obtain required surface roughness
based on the available mathematical model. Saravanan et
al. [15] have applied genetic algorithm for the model found
in an adopted literature and showed that genetic algorithm
performs better than the quadratic programming technique.
Vijayakumar et al. [16] have applied ant colony algorithm
to find optimal machining parameters for multi-pass turning
operation and also found that the proposed algorithm out-
performed the adopted genetic algorithm. Anne Venugopal et

al. [17] have used genetic algorithm for the optimization of
the grinding of silicon carbide with diamond wheels to
obtain maximum metal removal rate using surface grinding
machine. Surface finish and surface damage were considered
as constraints. Structural ceramics, such as silicon nitride and
silicon carbide, are now being increasingly used in bearings,
valves, rotors, and other applications where a close dimen-
sional tolerance is required. They are also very sensitive to
the forces when introduced to machining. Gopal et al. [18]
have used available mathematical model for solving optimi-
zation problem for silicon carbide grinding with diamond
wheels. Saravanan et al. [19] have developed a new model
based on genetic algorithm and simulated annealing for
optimizing machining parameters for turning operation.
Franci Cus et al. [20] have used genetic algorithm to reduce
the production cost and time. This paper presented a new
methodology for continuous improvement of cutting condi-
tion with genetic algorithm. Experimental results show that
the proposed genetic algorithm-based procedure is both
effective and efficient. N. Baskar et al. [21] have developed a
model based on simulated annealing algorithm for optimi-
zation of surface grinding processes. Researchers have also
developed number of constraints equations applicable for
grinding processes in which many process variables are
involved. Zhang Li Ping et al. [22] have used particle swarm
optimization technique to find out optimal choice of
machining parameters. The constriction factor, velocity
constraint, and population size have significant impact on
the performance of particle swarm optimization. Increasing
population size can improve the solution quality, although
the computational time may be longer. Ramon Quiza
Sardinas et al. [23] have also used genetic algorithm for
multi-objective optimization problem. The two conflicting
objectives are to increase tool life and decrease operation
time. Indrajit Mukherjee et al. [24] have done a review of
various optimization techniques. Rong-Tsu Wang et al. [25]
have used geometric programming principle to develop a
solution method that is able to derive the interval unit
production cost with interval parameters. A pair of two level
machining problems is formulated to calculate the upper
bound and lower bound of unit production cost. The results
indicated that the cost interval contains more information for
making decision. Lee [26] made a robustness analysis with
the available mathematical model for grinding process to
maximize material removal rate.

Most of the researchers have used traditional as well as
non-traditional optimization techniques for solving machin-
ing problems. Traditional techniques such as geometric
programming, dynamic programming, and branch-and-
bound technique has difficulty solving these problems and
they are able to obtain only local optimal solution, which
are not efficient when the practical search space is too large.
More number of practical constraints and the number of
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pass makes the problem more complicated. Researchers
have also used non-traditional techniques such as simulated
annealing, genetic algorithm, and particle swarm optimiza-
tion for solving machining problems.

In this paper, an attempt has been made to find an
algorithm that is robust and versatile in nature. This is done
by testing the behavior of three different algorithms viz,
simulated annealing, genetic algorithm, and particle swarm
optimization in various mathematical models.

2 Proposed methodology

Non-traditional search and optimization methods are becom-
ing very popular in engineering optimization problems. These
techniques mimic the process of natural evolution by adopting
the method of survival of the fittest among a structured
solution by information exchange. The various non-traditional
optimization methods used in this work are as follows

1. Simulated annealing algorithm (SA)
2. Genetic algorithm (GA)
3. Particle swarm optimization (PSO)

2.1 Simulated annealing algorithm

Simulated annealing algorithm (SA) is a non-traditional
optimization technique based on random numbers for the
evaluation of the objective function that gives global
optimum solution. Even though, it requires a large number
of evaluations to find the optimum solution, it can find
the global optimum solution with high probability even for
ill-conditioned function with number of local minima.
Simulated annealing algorithm resembles the cooling
process of molten metals through annealing. At high
temperature, the atoms in the molten metal can move
freely, but as the temperature is reduced, the movement of
the atoms gets restricted. The atoms start to get ordered, and
finally form crystals having minimum possible energy. If
the temperature is reduced at very faster rate, the crystalline
state may not be achieved but may end in polycrystalline
state with higher energy state. The temperature needs to be
reduced at a slower rate to achieve absolute minimum
energy state, and this process is called as annealing in
metallurgical parlance. The good features of simulated
annealing algorithm are:

1. The quality of the final solution is not affected by the
initial values.

2. Global optimum solution can be obtained, thus optimum
values are escaped from local optimum solution.

3. The discrete nature of the objective function and the
constraint does not affect the continuity of the functions.

4. The convergence is not influenced by the convexity
status of the feasible space.

2.1.1 Algorithm of SA

Step 1 Choose an initial point x,
(o) a termination criterion

є. Set T as a sufficiently high value, number of
iterations to be performed at a particular temper-
ature n, and set t=0.

Step 2 Calculate a neighboring point x tþ1ð Þ ¼ N x tð Þ� �
.

Usually, a random point in the neighborhood is
created.

Step 3 If ΔE ¼ E x tþ1ð Þ� �� E x tð Þ� �
< 0, set t=t+1; else,

create a random number (r) in the range (0, 1). If
r ≤ exp (−ΔE/T), set t=t+1; else, go to Step 2.

Step 4 If x tþ1ð Þ � x tð Þ���
< є and T is small, terminate. Else,

go to step 2. End.

2.1.2 Parameters of SA

Number of iteration performed 1,000

Population 100

Initial temperature 500°C

Decrement factor 0.999

2.2 Genetic algorithm

Genetic algorithm (GA) mimics the principles of natural
genetics and natural selection to constitute search and
optimization procedures. Genetic algorithms are computer-
ized search and optimization algorithms based on the
mechanics of natural genetics and natural selection. In
order to solve a problem using GA, the variables are coded
in to some string structure. The length of the string is
usually determined according to the desired solution
accuracy. For example, if 4 bits are used to code each
variable in a two variable function optimization problem,
the strings [0000 0000] and [1111 1111] would represent
the points xL1 ; x

L
2

� �T
xU1 ; x

U
2

� �T
, respectively, because the

sub strings (0000) and (1111) have the minimum and
maximum decoded values. The population is then operated
by three main operators—reproduction, cross-over, and
mutation to create a new population of points. The new
population is further evaluated and tested for termination.

2.2.1 Algorithm of GA

Step 1: Choose a coding to represent problem parameters,
a selection operator, cross-over, and a mutation
operator. Choose a population size n, cross-over
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probability Pc, and a mutation probability Pm.
Initialize a random population of string of size l.
Choose a maximum allowable generation number
tmax. Set t = 0;

Step 2: Evaluate each string in the population.
Step 3: If t>tmax or other termination criteria is satisfied,

terminate.
Step 4: Perform reproduction on the population.
Step 5: Perform cross-over on random pairs of string.
Step 6: Perform bit wise mutation.
Step 7: Evaluate string in the new population. Increment

t ¼ tþ 1 and go to Step 3. End.

2.2.2 Parameters of GA

Number of iteration performed 1,000

Population 100

Cross-over probability 0.80

Mutation probability 0.05

2.3 Particle swarm optimization

Particle swarm optimization simulates the behaviors of bird
flocking. Suppose the following scenario: a group of birds
are randomly searching food in an area. There is only one
piece of food in the area being searched. All the birds do
not know where the food is. But they know how far the
food is in each iteration. So what’s the best strategy to find
the food? The effective one is to follow the bird, which is
nearest to the food. PSO learned from the scenario and
used it to solve the optimization problems. In PSO, each
single solution is a "bird" in the search space. It is called
as "particle". All of the particles have fitness values,
which are evaluated by the fitness function to be
optimized and have velocities, which direct the flying
of the particles. The particles are "flown" through the
problem space by following the current optimum par-
ticles. After finding the two best values, the particles
update its velocity and positions with the following
equations:

V½� ¼ c1*randðÞ* pbest½� � present½�ð Þ
þ c2*randðÞ* gbest½� � present½�ð Þ

Newv½� ¼ V½� þ present½�

V [] is the particle velocity, present is the current particle,
pbest and gbest are defined as stated before, rand () is the
random number between 0 and 1, and c1, c2 are learning
factors usually varies from 1 to 4. PSO is a population-

based optimization tool. The system is initialized with a
population of random solutions and searches for optima by
updating generations. However, unlike GA, PSO has no
evolution operators such as cross-over and mutation. In
PSO, the potential solutions called particles are flown
through the problem space by following the current
optimum particles. Each particle keeps track of its
coordinates in the problem space, which are associated
with the best solution (fitness) it has achieved so far. The
fitness value is also stored. This value is called pbest.
Another "best" value that is tracked by the particle swarm
optimizer is the best value obtained so far by any particle
in the neighbor of the particle. This location is called as
lbest. When a particle takes all the particle toward its pbest
and lbest locations, acceleration is weighted by random
term, with separate random numbers being generated for
acceleration toward pbest and lbest locations. One of the
reasons that PSO is attractive is that there are few
parameters to adjust. There are two key steps when
applying PSO to optimization problems; the representation
of the solution and the fitness function. One of the
advantages of PSO is that it takes real number as particles.
The searching is a repeat process and the stop criteria are
that when the maximum iteration is reached or the
minimum error condition is satisfied. The various param-
eters in PSO are number of particles, dimension of
particles and range of particles, learning factor, stop
condition, and global vs local version.

2.3.1 Algorithm of PSO

Step 1: Initialize a population of n particle randomly.
Step 2: Calculate fitness value for each particle. If the fitness

value is better than the best fitness value (pbest) in
history, set current value as the new pbest.

Step 3: Choose particle with the best fitness value of all
the particles as the gbest.

Step 4: For each particle, calculate particle velocity
according to the equation. v½� ¼ vþ c1*randðÞ*
pbest½� � present½�ð Þ þ c2*randðÞ* gbest½��ð present½�Þ
where, present½� ¼ present½� þ v½� v[] is the
particle velocity, present[] is the current particle
(solution), rand() is a random number between
(0,1), and c1, c2 are learning factors (range
between 1 to 4).

Step 5: Particle velocities on each dimension are clamped
to a maximum velocity Vmax. If the sum of
acceleration would cause the velocity on that
dimension to exceed Vmax (specified by the user),
the velocity on the dimension is limited to Vmax.

Step 6: Terminate if maximum number of iterations is
reached. Else, go to Step 2.

Step 7: End.
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2.3.2 Parameters of PSO

Number of iteration performed 1,000

Population 100

Learning factor c1 2

Learning factor c2 2

3 Single pass turning operation

3.1 Mathematical model

The mathematical model proposed by Agapiou [1] is
considered in this work. This work is concerned with the
optimal selection of machining parameters such as cutting
speed, feed rate, and depth of cut. Since these parameters
strongly affect the cost, time, productivity, and quality of
the machined parts, determining the optimal machining
parameters is an essential step in machining operation. The
objective is a combined objective function that includes
minimum production time and minimum production cost.

3.2 Formulation of objective function

The values for the machining parameters like L, D, vmin,
vmax, etc. are obtained from the knowledge of the machine
limitations and from the handbooks. The tool material is
tungsten carbide, and the work piece material is high
carbon steel. The values of machining parameters for single
pass turning operation are shown in Table 1.

3.2.1 Production cost

The production cost per component for a machining
operation consists of the sum of the costs for tooling,
machining, tool changing time; handling time, and quick

return time. Tool changing cost for each part is calculated
based on the machining time of the part to the tool life. This
is because a single tool may be used to machine several
parts before it needs to be replaced by a sharp one.

Production cost is given by:

cu ¼ Co: tm þ tm=Tð ÞCo: tcs þ Ct þ Co th þ tRð Þ ð1Þ
The machining time per pass in turning is given by:

tm ¼ pDLð Þ= 1000 vfð Þ ð2Þ
Tool life is given by:

T ¼ K
�
v f al da2

� � 1=a3ð Þ ð3Þ

3.2.2 Production time

The total time required to produce a part is the sum of the
times necessary for machining, tool changing, tool quick
return time, and work piece handling time that includes
loading and unloading of work piece in the machine. This is
given by:

tu ¼ tm þ tcs tm=Tð Þ þ th þ tR ð4Þ

3.2.3 Combined objective function

The objective function consists of the combination of the
production time and the production cost using different
weight coefficients for each criterion.

m v; f ; dð Þ ¼ w1� cu þ w2�l�tu ð5Þ
where, w1 and w2 are the weight coefficients, which
indicates the relative importance of the production time
and production cost. It has been assumed that these weight
coefficients should satisfy the condition given below. When
both weight coefficients w1 and w2 are set equal to 0.5, the
objective functions moves closer to the higher profit rate.

w1 þ w2 ¼ 1; 0 � w1 � 1 and 0 � w2 � 1 ð6Þ
The optimum function is normalized through the use of a

constant multiplier

l ¼ cumin=tumin ð7Þ
where, cu min and tu min are the minimum production cost
and minimum production time, respectively, under the
defined process constraints.

3.3 Machining parameters

Although there are many machining parameters which
affect the machining operation, cutting speed, feed, and
depth of cut have the greatest effect on the success of a

Table 1 Values of machining parameters

Parameters Values Parameters Values

L 203 MM Fmax 1,100 N

D 152 mm SRmax 8 µm

vmin 30 m/min HPmax 5 KW

vmax 200 m/min tmax 500°C

fmin 0.254 mm/rev a1 0.29

fmax 0.762 mm/rev a2 0.35

dmin 2.0 mm a3 0.25

dmax 5.0 mm K 193.3

tcs 0.5 min/edge Co 0.1/min

tR 0.13 min/pass Ct 0.5/edge
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machining operation. Therefore, only these machining
parameters are considered in this work. Moreover, these
machining parameters also considered as the practical
constraints.

3.3.1 Cutting speed

When compared to depth of cut and feed rate, cutting speed
has a greater effect on tool life. Certain combinations of
speed, feed, and depth of cut are usually selected for easy
chip removal, which are directly proportional to the type of
tool and work piece material.

Thus, the range of cutting speed can be written as:

vmin � v � vmax ð8Þ

3.3.2 Feed

By increasing the feed and decreasing the cutting speed, it
is always possible to obtain much higher metal removal
rates without reducing tool life. Thus, the range of feed can
be written as:

fmin � f � fmax ð9Þ

3.3.3 Depth of cut

Selection of depth of cut should counter balance between
the tool life and metal removal rate to obtain highest
permissible level of depth of cut. Thus, the range of depth
of depth of cut can be written as:

dmin � d � dmax ð10Þ

3.4 Physical constraints

There are always many constraints that exist in the actual
cutting condition for the optimization of the objective
function. For a given pass, an optimum cutting speed, feed,
and depth of cut is chosen and, thus, balancing the conflict
between the metal removal rate and tool life. The following
constraints are considered in optimizing the machining
parameters. On satisfying these constraints, the optimum
machining parameters are arrived.

1. Parameter constraints

vmin � v � vmax; fmin � f � fmax & dmin � d � dmax; ð11Þ

2. Power constraint

0:0373 v0:91 f 0:78 d0:75 � HPmax ð12Þ

3. Surface finish constraint

14785 v�1:52f 1:004d0:25 � SRmax ð13Þ

4. Temperature constraint

74:96 v0:4 f 0:2 d0:105 � 17:8 � Tmax ð14Þ

5. Cutting force constraint

844 v�0:1013 f 0:725 d0:75 � Fmax ð15Þ

3.5 Computational result of SA

The number of iterations performed is 1,000 for a
population of 100. Initial temperature is set at 500°C and
the decrement factor is 0.999. Figure 1 shows the number
of iteration vs combined objective function (COF). From
Fig. 1, it is evident that the minimum COF is observed at
the 94th iteration.

3.6 Results of SA

The minimized COF value and corresponding machining
parameters values of cutting speed, feed, and depth of cut
are given below in Table 2.

3.7 Computational result of GA

The number of iterations performed is 1,000 for a
population of 100.Cross-over probability is 0.80 and
mutation probability is 0.05. From Fig. 2, it is evident that
the minimum COF is observed at the 74th iteration.

0.7

0.75

0.8

0.85

0.9

0.95

1

1 12 23 34 45 56 67 78 89 100
No. of iterations

C
O

F

Fig. 1 Number of iterations vs COF
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3.8 Results of GA

The minimized COF value and corresponding machining
parameters values of cutting speed, feed, and depth of cut
are given below in Table 3.

3.9 Computational result of PSO

The number of iterations performed is 1,000 with a
population size of 100. From Fig. 3, it is evident that the
minimum COF is obtained at 46th iteration. The COF is
gradually decreasing up to the 46th iteration. Then the COF
is constant for further iterations.

3.10 Results of PSO

The optimum COF value and corresponding machining
parameters values of cutting speed, feed, and depth of cut
are given below in Table 4.

4 Multi-pass turning operation

4.1 Formulation of objective function

The mathematical model proposed by Bhaskara Reddy et
al. [7] is considered in this work. Total production cost is
taken as the objective function. The values for the

machining parameters like L, D, Vmin, Vmax, etc. are
obtained from the knowledge of the machine limitations
and from the handbooks for the given work piece material
and tool material. Table 5 shows the values of machining
parameters for multi-pass turning operation.

4.1.1 Production cost

The total production cost model for multi-pass turning with
the constraints of available speed and feed ranges, surface
finish, maximum cutting force, and maximum cutting
power of the machine tool is taken from Shin and Joo (2).
Taylor’s tool life equation is expressed as

T ¼ C=Vx Sy dz ð16Þ
The total production cost, Ut, is the sum of the cost for

the finish pass and rough passes and is given by:

Ut ¼ Ur þ
Xn
i¼1

Uri þ A4 ð17Þ

where, A4 represents the cost of tool preparation and is
given by:

A4 ¼ k1 tp ð18Þ
The cost for a single finish pass is given as:

Ur ¼ A1sf
y=x�1ð Þ df z=xð Þ þ A2 ð19Þ

Table 2 Results of SA

Machining parameters

v f d

m/min mm/rev mm

125.2850 0.6503 2.0535

Objective function

tu cu COF

min $/piece $/piece

2.9936 0.7994 0.7170

Table 3 Results of GA

Machining parameters

v f d

m/min mm/rev mm

148.4848 0.6056 2.2082

Objective function

tu cu COF

min $/piece $/piece

2.8181 0.7818 0.6896

0.7

0.8

0.9

1 12 23 34 45 56 67 78 89 100

No. of Iterations

C
O

F

Fig. 2 Number of iterations vs COF
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Fig. 3 Number of iterations vs COF
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where,

A1 ¼ pDLk1=1000TRð Þ Tf=C½ � 1=xð Þ Tf þ A3 Te þ kt=k1ð Þð Þ
ð20Þ

A3 ¼ Tf=TR ð21Þ
The second term, A2 in Eq. 19, represents the cost

corresponding to idle tool motion, such as tool travel and
tool approach/depart time, being expressed as:

A2 ¼ k1 h1Lþh2ð Þ ð22Þ

4.2 Physical constraints

The following constraints are considered in optimizing the
machining parameters. On satisfying these constraints, the
optimum machining parameters are arrived.

1. Speed, feed, and depth of cut constraints:

vmin � v � vmax; smin � s � smax and dmin � d � dmax;

ð23Þ

The minimization of cost function Eq. 19 is carried out
under the following constraints. For a given machining
operation, the ranges of parameter value are chosen for a
selected machine and are expressed in terms of lower and
upper bounds. The minimum and maximum speed limits
using the tool life is

C 1=xð Þ
.

T 1þxð Þ
R Vmax

� �
� s y=xð Þ

f df d=fð Þ � C 1=xð Þ
.
T 1þxð Þ
R Vmin

ð24Þ
The minimum or maximum depth of cut constraints is

expressed as:

df :min � df � df :max ð25Þ
The minimum and maximum feed constraint is:

smin � sf � smax ð26Þ
The surface finish constraint is expressed in terms of the

nose radius of the tool and the peak-to-valley height for
surface roughness as:

sf � 8rRfð Þ1=2 ð27Þ
Making use of the constraint in Eq. 27, the constraint in

Eq. 26 may be expressed as:

smin � sf � min smax 8rRfð Þ1=2
� �

ð28Þ

The cutting force constraint is used to prevent chatter
and to limit the deflection of the work piece or cutting tool
that result in dimensional error. Neglecting the effect of
cutting speed, this constraint is expressed by:

k1 s
m
f d

v
f � Fmax ð29Þ

During machining, the cutting power should not exceed
the maximum power of the machining tool. On eliminating
Vf using the tool-life equation Eq. 16. the constraint is
expressed as:

s m�y=xð Þ
f d v�z=xð Þ

f � 6120hT 1=xð Þ
R Pmax

.
k1C

1=xð Þ ð30Þ

For finish pass turning, the objective function given by
Eq. 19 is optimized, considering the constraints in Eqs. 24,

Table 4 Results of PSO

Machining parameters

v f d

m/min mm/rev mm

148.2490 0.7620 2.0000

Objective function

tu cu COF

min $/piece $/piece

2.7743 0.7774 0.6828

Table 5 Values of machining parameters

Parameters Values Parameters Values

L 300 MM Fmax 1962 N

D 50 mm r 1.2 mm

vmin 50 m/min HPmax 5 KW

vmax 500 m/min Tmin 25 min

smin 0.1 mm/rev T max 45 min

smax 0.9 mm/rev a2 0.255

dr min 1.0 mm a4 0.375

dr max 3.0 mm K1 108

tcs 1.5 min/edge C 6×1011

tR 0.75 min/pass a1 0.249

x 5 h1 7×10−4

y and z 1.75 and 0.75 h2 0.3

3.45

3.65

3.85

1 11 71615121 31 41 81 91

Iterations

P
ro

d
u

ct
io
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Fig. 4 Number of iterations vs production cost
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25, 28, 29, and 30. The cost of one rough pass may be
stated similarly to the cost for the finish pass

Uri ¼ A1sri
y=x�1ð Þ d z=xð Þ

r þ A2 ð31Þ

For rough pass turning, the constraints in Eqs. 24, 29,
and 30 remain the same except for subscript r (rough)
instead of f (finish). The constraint in Eq. 28 is modified
using Rr in place of Rf. In Eq. 25, df min and df max are
used as the lower and upper limits of the depth of cut. In
addition to the above constraints, the following is used to
account for the total stock to be removed.

dt ¼ dr þ
Xn
i¼1

dr ð32Þ

The trial number of rough passes is calculated based on
the maximum depth of cut allowed in the roughing
operation and depth of cut for the finish pass within its
range. Thus, the trial number of rough passes is:

n ¼ dt�dfð Þ� drð Þmax ð33Þ

4.3 Machining parameters

4.3.1 Depth of cut

The selection of maximum depth of cut is dependent on (1)
tool material, (2) cutting force, (3) available horse power,
(4) stability of the tool work machine, (5) dimensional

accuracy, and (6) surface finish required. Thus, the range of
depth of depth of cut can be written as:

dmin � d � dmax ð34Þ

4.3.2 Feed

The production rate and the spindle speed are greatly
affected by the maximum allowable feed. It also has a
significant effect on tool life. Thus, the range of feed can be
written as:

smin � s � smax ð35Þ

4.3.3 Cutting speed

Every machine has minimum cutting speed and minimum
cutting speed that should be maintained to avoid failure of
cutting tools due to built-up edge formation. From these
two minimum values, the higher value is taken as the
minimum cutting speed. Allowable maximum cutting speed
is available from the machine. Thus, the range of cutting
speed can be written as:

vmin � v � vmax ð36Þ

4.4 Computational result of SA

The number of iterations performed is 1,000 for a
population of 100. Initial temperature is set at 500°C and
the decrement factor is 0.999. Figure 4 show the number
of iteration vs production. From Fig. 1, it is evident that
the minimum cost is observed at the 87th iteration. Table 6
shows the optimum production cost for various depth of
cut.

4.5 Results of SA

Table 6 shows the optimal results of various depth of cut.
The depth of cut varies from 6 mm to 10 mm. The number

Table 6 Production cost for various depth of cut

S. No n dt dr df ut

1 2 6.0 2.50 1.00 2.386

2 3 8.0 2.40 0.80 2.933

3 3 8.5 2.90 0.80 2.892

4 3 9.0 2.84 0.48 3.008

5 4 9.5 2.27 0.42 3.415

6 4 10.0 2.40 0.40 3.483
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Fig. 5 Number of iterations vs productions cost

Table 7 Production cost for various depth of cut

S. No n dt dr1 dr2 dr3 df ut

1 2 6.0 2.50 2.30 – 1.2 2.372

2 3 8.0 2.30 2.30 2.20 1.2 2.913

3 3 8.5 2.70 2.50 2.10 1.2 2.983

4 3 9.0 2.90 2.60 2.30 1.2 3.053

5 4 9.5 3.00 2.70 2.60 1.2 3.123

6 4 10.0 3.00 2.90 2.90 1.2 3.193
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of passes of rough depth of cut, finish depth of cut, and
total production cost are also displayed in the table.

4.6 Computational result of GA

The number of iterations performed is 1,000 for a
population of 100. Cross-over probability is 0.80 and
mutation probability is 0.05. From Fig. 5, it is evident that
the minimum cost is observed at the 74th iteration. Table 7
shows the optimum production cost for various depth of cut.

4.7 Result of GA

Table 7 shows the optimal results of various depth of cut.
The depth of cut varies from 6 mm to 10 mm. The number
of passes of rough depth of cut, finish depth of cut, and
total production cost are also displayed in the table.

4.8 Computational result of PSO

The number of iterations performed is 1,000 with a
population size of 100. From Fig. 6, it is evident that the
minimum cost is obtained at 18th iteration. The cost is
gradually decreasing up to the 18th iteration. Then, the cost
is constant for further iterations. Table 8 shows the
optimum production cost for various depth of cut.

4.9 Result of PSO

Table 8 shows the optimal results of various depth of cut.
The depth of cut varies from 6 mm to 10 mm. The number

of passes of rough depth of cut, finish depth of cut, and
total production cost are also displayed in the table.

5 Surface grinding

5.1 Mathematical model

The mathematical model proposed by Anne Venugopal et
al. [17] is considered in this work. This work is concerned
with the optimal selection of machining parameters such as
feed rate and depth of cut. Since these parameters strongly
affect the cost, time, productivity, and quality of the machined
parts, determining the optimal machining parameters is an
essential step in machining operation. Maximizing the
material removal rate is the objective function of the proposed
model. Table 9 shows the machining parameter values for
surface grinding.

5.2 Objective function

Material removal rate is the objective function of the
proposed model. It is the rate at which the material is
removed from the work piece during the machining
process.

MRR ¼ f ; d ð37Þ

5.3 Machining parameters

5.3.1 Feed

The maximum allowable feed greatly affects the production
rate. It has a significant effect on tool life. By increasing the
feed and decreasing the cutting speed, it is always possible
to obtain much higher metal removal rates without reducing
tool life. Surface finish determines the maximum feed
in finish operation. Thus, the range of feed can be written
as:

fmin � f � fmax ð38Þ

Table 8 Production cost for various depth of cut

S. No n dt dr df ut

1 2 6.0 2.80 0.40 2.156

2 3 8.0 2.53 0.41 2.708

3 3 8.5 2.70 0.40 2.716

4 3 9.0 2.86 0.42 2.725

5 3 9.5 3.00 0.50 2.745

6 3 10.0 3.00 1.00 2.792

Table 9 Values of machining parameters

Parameters Values Parameters Values

fmin 5 M/MIN Rmin 50

fmax 15 m/min Rmax 100

dmin 5 μm Ra min 0.155 μm

dmax 30 μm Ra max 0.4 μm

Mmin 120 %Dmin 1.5

Mmax 500 %Dmax 4.0
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2.84
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Fig. 6 Number of iterations vs production cost
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5.3.2 Depth of cut

By changing the depth of cut, tool life is less affected.
So, there should be a counter balance between the tool
life and metal removal rate to obtain highest permissible
level of depth of cut. The selection of maximum depth of
cut is dependent on (1) tool material, (2) cutting force,
(3) available horsepower, (4) stability of the tool work
machine, (5) dimensional accuracy, and (6) surface finish
required. Thus, the range of depth of depth of cut can be
written as:

dmin � d � dmax ð39Þ

5.4 Physical constraints

1. Feed: optimum feed must be in the range determined by
the minimum and maximum feed rates of the machine
and can be written as:

fmin � f � fmax ð40Þ
2. Depth of cut: optimum depth of cut must be in the

range determined by the minimum and maximum depth
of cut of the machine and can be written as:

dmin � d � dmax ð41Þ

3. Grain size: grain size is the size of the abrasive grain in
the grinding wheel which should be within the given
range.

Mmin � M � Mmax ð42Þ
4. Grain density: grain density is the closeness of packing

of abrasive grains on the grinding wheel which should
be within the given range

Rmin � R � Rmax ð43Þ
5. Surface roughness: it refers to the smoothness of

machined surface which should be within the range is
given by:

Ra ¼ 0:36 dð Þ0:1843 fð Þ0:5253 Mð Þ�0:2866 Rð Þ�0:2444 � Ramax

ð44Þ
6. Surface damage: surface damage should be within the

range is given by:

%D ¼ 24:44 dð Þ0:2857 fð Þ�0:3 Mð Þ�0:4140 � Dmax ð45Þ
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1 11 21 31 41 51 61 71 81 91
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Fig. 7 Number of iterations vs MRR

Table 10 Results of SA at various Ra values and 2% area of surface
damage (%D)

Ra f d MRR

0.175 5.85 8.09 47.40

0.200 7.04 9.77 68.83

0.225 8.27 11.70 96.87

0.250 9.63 13.46 129.72

0.275 10.92 15.62 170.73

0.300 12.22 17.60 215.18

0.325 13.80 19.94 275.35

0.350 14.23 20.91 317.91

0.375 14.71 21.92 328.91

0.400 15.00 22.92 343.92

Table 11 Results of SA at various surface damage values (%D) and
Ra=0.25

%D f d MRR

1.50 12.44 6.53 81.37

1.75 10.81 9.66 104.57

2.00 9.64 13.48 130.04

2.25 8.66 17.97 155.68

2.50 7.85 24.14 189.58

2.75 7.31 29.42 215.37

3.00 7.25 29.88 216.95

3.25 7.25 29.98 217.67

3.50 7.25 29.98 217.67

3.75 7.25 29.98 217.67

4.00 7.26 29.96 217.70
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200

1 11 21 31 41 51 61 71 81 91
Iteration

M
R
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Fig. 8 Number of iterations vs MRR
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5.5 Computational results of SA

The number of iterations performed is 1,000 for a
population of 100. Initial temperature is set at 500°C and
the decrement factor is 0.999. Figure 7 shows the number
of iteration vs material removal rate (MRR) and it is evident
that the maximum MRR is observed at the 74th iteration.

5.6 Results of SA

Table 10 shows the optimal MRR values obtained by SA
for various surface roughness values. The surface rough-
ness values are varied from 0.175 to 0.4 μm.

From Table 10, it is evident that the surface roughness is
directly proportional to material removal rate.

Table 11 shows the optimal MRR values obtained by SA
for various surface damage values. The surface damage
values are varied from 1.5% to 4%.

From Table 11, it is evident that the percentage of
surface damage directly proportional to MRR.

5.7 Computational result of GA

The number of iterations performed is 1,000 for a
population of 100.Cross-over probability is 0.80 and
mutation probability is 0.05. From Fig. 8, it is evident that
the minimum cost is observed at the 76th iteration.

5.8 Results of GA

Table 12 shows the optimal MRR values obtained by GA
for various surface roughness values. The surface rough-
ness values are varied from 0.175 to 0.4 μm.

From Table 12, it is evident that the surface roughness is
directly proportional to material removal rate.

Table 13 shows the optimal MRR values obtained by
GA for various surface damage values. The surface damage
values are varied from 1.5% to 4%.

From Table 13, it is evident that the percentage of surface
damage directly proportional to material removal rate.

5.9 Computational result of PSO

The number of iterations performed is 1,000 with a
population size of 100. From Fig. 9, it is evident that the

Table 12 Results of GA at various Ra values and D=2%

Ra f d MRR

0.175 5.82 7.96 46.37

0.200 7.20 9.03 65.03

0.225 8.46 10.74 90.96

0.250 9.71 12.69 123.38

0.275 11.21 14.40 161.55

0.300 12.58 16.51 207.85

0.325 14.42 17.45 251.74

0.350 14.66 20.26 297.25

0.375 14.98 20.95 314.08

0.400 14.80 22.84 338.30

Table 13 Results of GA at various surface damage values (%D) and
Ra=0.25

%D f d MRR

1.50 12.39 6.45 79.99

1.75 10.69 9.47 101.27

2.00 9.71 12.69 123.38

2.25 8.80 16.70 147.12

2.50 8.01 22.42 179.80

2.75 7.38 28.34 209.19

3.00 7.21 29.92 216.01

3.25 7.21 29.92 216.01

3.50 7.21 29.92 216.01

3.75 7.21 29.92 216.01

4.00 7.21 29.92 216.01
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Fig. 9 Number of iterations vs MRR

Table 14 Results of PSO at various Ra values and 2% area of surface
damage (%D)

Ra f d MRR

0.175 5.85 8.09 47.40

0.200 7.04 9.77 68.83

0.225 8.27 11.70 96.87

0.250 9.63 13.46 129.72

0.275 10.92 15.62 170.73

0.300 12.22 17.60 215.18

0.325 13.80 19.94 275.35

0.350 14.23 20.91 317.91

0.375 14.71 21.92 328.91

0.400 15.00 22.92 343.92
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MRR is gradually increasing up to the ninth iteration and
remain constant for further iterations.

5.10 Results of PSO

Table 14 shows the optimal MRR values obtained by PSO
for various surface roughness values. The surface rough-
ness values are varied from 0.175 to 0.4 μm.

From Table 14, it is evident that the surface roughness is
directly proportional to material removal rate.

Table 15 shows the optimal MRR values obtained by
PSO for various surface damage values.

From Table 15, it is evident that the percentage of
surface damage directly proportional to material removal
rate. The surface damage values are varied from 1.5% to
4% with an increment of 0.25%. As the surface damage
value increases, the MRR also gradually increases up to
3%. After that, there is small deviation in the value of MRR
with respect to percentage of surface damage.

6 Results and discussions

In this work, MATLAB software is used for coding all the
proposed algorithms. The number of iterations performed is
1,000 with a population size of 100 in all the cases.

Table 16 shows the computational time for execution of
single run in a Core 2 Duo processor computer.

6.1 Single pass turning operation

Table 17 shows the best results obtained in particle swarm
optimization, simulated annealing algorithm, and Nelder–
Mead simplex method.

From Table 17, it is evident that PSO performed better
than other optimization techniques. Also, all the non-
traditional optimization techniques yielded better result than
the result available in literature [1]. Figure 10 shows the
comparison of results obtained by the proposed algorithms.

6.2 Multi-pass turning operation

Table 18 shows the best results obtained in particle swarm
optimization and simulated annealing algorithm.

From Table 18, it is evident that PSO performed better
than other optimization techniques. Figure 11 shows the
comparison of results obtained by the proposed algorithms.

6.3 Surface grinding operation

Table 19 shows the best results obtained in particle swarm
optimization and simulated annealing algorithm

From Table 19, it is evident that PSO performed better
than other optimization techniques. Figure 12 shows the
comparison of results obtained by the proposed algorithms.

7 Conclusion

In this work, the three different mathematical models of
machining operations are considered for optimization.

Table 15 Results of PSO at various surface damage values (%D) and
Ra=0.25

%D f d MRR

1.50 12.44 6.53 81.37

1.75 10.81 9.66 104.57

2.00 9.64 13.48 130.04

2.25 8.66 17.97 155.68

2.50 7.85 24.14 189.58

2.75 7.31 29.42 215.37

3.00 7.25 29.98 216.95

3.25 7.25 29.98 217.67

3.50 7.25 29.98 217.67

3.75 7.25 29.98 217.67

4.00 7.26 29.96 217.70

0.6800

0.6900

0.7000

0.7100

0.7200

SA GA PSO

Optimization Techniques

C
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F

Fig. 10 Comparisons of results (minimization problem)

Table 16 Computational time

Algorithm In seconds

Single pass Multi-pass Grinding

PSO 11 12 4

GA 15 15 6

SA 12 13 5

Table 17 Results of various algorithms

Algorithm COF

PSO 0.6827

GA 0.6896

SA 0.7170

NMS [ [1]] 0.7415
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These mathematical models have different objective func-
tion and constraint equations. In the first model, the
objective function is to minimize the combined objective
function and the machining parameters are cutting speed,
feed, and depth of cut. In the second model, the objective
function is to minimize the total production cost for multi-
pass turning operation and the machining parameters are
number of passes, cutting speed, feed and depth of cut. In
the third model, the objective function is to maximize the
material removal rate, and the machining parameters are
feed and depth of cut. The non-traditional optimization
techniques such as simulated annealing, genetic algorithm,
and particle swarm optimization are used to optimize
machining parameters.

PSO technique has yielded best result among the other
two techniques. In single pass turning operation, the result
of PSO is 4.7% and 1% better than GA and SA,
respectively. In multi-pass turning operation, the result of
PSO is 12.5% and 19.8% better than GA and SA,
respectively. In grinding operation, the result of PSO is
6.2% and 1% better than GA and SA, respectively. The
following points were observed as a sort of conclusion of
this present work.

1 Particle swarm optimization has proved to be the best
among the other non-traditional optimization techniques
simulated annealing and genetic algorithm.

2 Particle swarm optimization technique tends to con-
verge to the global optimal solution at a faster rate.

3 All the computational time is less than half a minute and
hence computational cost is not going to be a affecting
parameter in obtaining the required objective function.

4 Since all the proposed techniques can obtain a global
optimum solution within a reasonable execution time on
a personal computer, the algorithms can be used on
online systems for the selection of optimal machining
parameters.

5 The software is completely generalized and problem
independent, so that it can be easily modified to
optimize any machining operation under various eco-
nomic criteria and numerous practical constraints.

6 Moreover, all the non-traditional techniques can be easily
used to implement for other engineering applications.

7.1 Scope for future work

In this work, the combination of total production time and
total production cost are taken as the objective function with
some practical constraints. But metal machining is a complex
phenomena, and inclusion of many other machining
parameters and constraints that may enhance the end result.

8 Nomenclature

Single pass turning operation

v Cutting speed, m/min
f Feed rate, mm/rev.
d Depth of cut, mm
cu Production cost, $/piece
tu Production time, min
tm Machining time, min

Table 19 Results of various algorithms

Algorithm MRR

PSO 191.01

GA [ [17]] 179.80

SA 189.58

Table 18 Results of various algorithms

Algorithm Production cost

PSO 2.792

GA [ [7]] 3.193

SA 3.483
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Fig. 11 Comparisons of results (minimization problem)
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Fig. 12 Comparisons of results (maximization problem)
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tcs Tool change time, min/edge
th Loading and unloading time, min/piece
tR Quick return time, min/pass
w1 Weight coefficient for cost
w2 Weight coefficient for time
λ Constant multiplier
co Operating cost, min
ct Tool cost per cutting edge, $/edge
cu min Minimum production cost, $/piece
tu min Minimum production time, min
D Outside diameter, mm
L Length of the part, mm
T Tool life, min
COF Combined objective function, $/piece
K, a1, a2, a3 Empirical constants

Multi-pass turning operation

D Depth of cut (mm)
dt Total stock (mm)
A1, A2, A3, A4 Constants
C Taylor’s tool life constant
D Diameter of work piece (mm)
F Cutting force (N)
h1, h2 Constants pertaining to tool travel
k1 Overhead cost ($/min)
kt Cost of cutting edge ($)
kf Constant used in cutting force and power

equation
L Length of work piece (mm)
M Assumed number of divisions of the

depth of cut ranges in rough or finish
passes

n Assumed maximum number of rough
passes

P Cutting power (kW)
R Nose radius of tool (mm)
R Surface roughness height (μm)
S feed (mm/rev)
te Time required to exchange tool

(min/cutting edge)
tp Preparation time for loading and

unloading of tool (min)
T Tool life (min)
TR Tool replacement time (min)
U Cost of each pass ($/piece)
Ut Total production cost ($/piece)
V Cutting speed (m/min)
μ,γ Exponents of feed and depth of cut in

force equation
ή Cutting power efficiency of a machine

tool
f finish pass
i ith rough pass

j jth value of depth of cut
min Minimum value
max Maximum value
o Optimal value of a parameter
r Rough pass

Grinding operation

d Depth of cut, μm
f Feed, m/min
M Grain size, mm
R Grain density, mm
D Surface damage
Ra Surface roughness, μm
MRR Material removal rate, mm3/min
dmax Max.depth of cut, μm
dmin Min. depth of cut, μm
fmax Max. feed, m/min
fmin Min. feed, m/min
Mmax Max.grain size
Mmin Min. grain size
Rmax Grain density
Rmin Grain density
Ra max Max. surface roughness
Ra min Min. surface roughness
Dmax Max. surface damage
Dmin Min. surface damage

References

1. Agapiou JS (1992) Optimization of multistage machining system,
part 1: mathematical solution, transaction of the ASME. J Eng Ind
114:524–531

2. Shin YC, Joo YS (1992) Optimization of machining conditions
with practical constraints. Int J Prod Res 30(12):2907–2919

3. Wen XM, Tay AAO, Nee AYC (1992) Microcomputer-based
optimization of the surface grinding process. J Mater Process
Technol 29:75–90

4. White B, Houshyar A (1992) Quality and optimum parameter
selection in metal cutting. Journal of Computers in Industry
20:87–98

5. Chen MC, Tsai DM (1996) A simulated annealing approach for
optimization of multi-pass turning operations. Int J Prod Res
34:2803–2825

6. Kee PK (1996) Development of constrained optimization analyses
and strategies for multi-pass rough turning operations. Int J Mach
Tools Manuf 36:115–127

7. Bhaskara Reddy SV, Shunmugam MS, Narendran TT (1998)
Optimal subdivision of the depth of cut to achieve minimum
production cost in multi-pass turning using a genetic algorithm. J
Mater Process Technol 79:101–108

8. Chen MC, Su CT (1998) Optimization of machining conditions
for turning cylindrical stocks into continuous finished profiles. Int
J Prod Res 36(8):2115–2130

9. Cheol Lee W, Yung Shin C (2000) Evolutionary modeling and
optimization of grinding processes. Int J Prod Res 38(12):2787–2813

Int J Adv Manuf Technol (2010) 48:1075–1090 1089



10. James Kennedy and Russell Eberhart (2000) "Particle swarm
optimization", Proceeding of IEEE International Conference on
Neural Networks, IV, pp. 1,942–1,948.

11. Hui YV, Leung LC, Lim R (2001) Optimal machining conditions
with costs of quality and tool maintenance for turning. Int J Prod
Res 39(4):647–665

12. Onwubolu GC, Kumalo T (2001) Optimization of multi-pass
turning operations with genetic algorithms. Int J Prod Res 39
(16):3727–3745

13. Choudhri K, Prathinar DK, Pal DK (2002) Multi objective
optimization in turning—using a genetic algorithm. J Inst Eng
82:37–44

14. Suresh PVS, Venkateswara Rao P, Deshmukh SG (2002) A
genetic algorithm approach for optimization of surface roughness
prediction model. Int J Mach Tools Manuf 42:675–680

15. Saravanan R, Asokan P, Sachidanandam M (2002) A multi-
objective genetic algorithm (GA) approach for optimization of
surface grinding operations. Int J Mach Tools Manuf 42
(12):1327–1334

16. Vijayakumar K, Prabhaharan G, Asokan P, Saravanan R (2003)
Optimization of multi-pass turning operations using ant colony
system. Int J Mach Tools Manuf 43:1633–1639

17. Venugopal A, Venkateswara Rao P (2003) Selection of optimum
conditions for maximum material removal rate with surface finish
and damage as constraints in SiC grinding. Int J Mach Tools
Manuf 43:1327–1336

18. Gopal AV, Rao PV (2003) The optimization of the grinding of
silicon carbide with diamond wheels using genetic algorithm. Int J
Adv Manuf Technol 22:475–480

19. Saravanan R, Asokan P, Vijayakumar K (2003) Machining
parameters optimization for turning cylindrical stock into a
continuous finished profile using genetic algorithm and simulated
annealing. Int J Adv Manuf Technol 21:1–9

20. Cus F, Balic J (2003) Optimization of cutting process by GA
approach. Robot Comput-Integr Manuf 19:113–121

21. Baskar N (2004) Selection of optimum machining parameters for
surface grinding operations using simulated annealing algorithm
(SA). Journ Manufact Tech Today, CMTI 3(2):12–18

22. Li Ping Z, Huan Jun Y, Shang Xu H (2005) Optimal choice of
parameters for particle swarm optimization. Journal of Zhejiang
University 64:528–534

23. Sardinas RQ, Santana MR, Brindis EA (2006) Genetic algorithm
based multi-objective optimization of cutting parameters in
turning processes. Eng Appl Artif Intell 19:127–133

24. Mukherjee I, Ray PK (2006) A review of optimization techniques
in metal cutting processes. Journ Comp and Indust Eng 50:15–34

25. Wang R-T, Liu ST (2007) An economic machining process
model with interval parameters. Int J Manuf Technol Manag 33:
900–910

26. Lee TS, Ting TO, Lin YJ, Htay T (2007) A particle swarm
approach for grinding process optimization analysis. Int J Adv
Manuf Technol 33:1128–35

1090 Int J Adv Manuf Technol (2010) 48:1075–1090


	Optimization techniques for machining operations: a retrospective research based on various mathematical models
	Abstract
	Introduction
	Proposed methodology
	Simulated annealing algorithm
	Algorithm of SA
	Parameters of SA

	Genetic algorithm
	Algorithm of GA
	Parameters of GA

	Particle swarm optimization
	Algorithm of PSO
	Parameters of PSO


	Single pass turning operation
	Mathematical model
	Formulation of objective function
	Production cost
	Production time
	Combined objective function

	Machining parameters
	Cutting speed
	Feed
	Depth of cut

	Physical constraints
	Computational result of SA
	Results of SA
	Computational result of GA
	Results of GA
	Computational result of PSO
	Results of PSO

	Multi-pass turning operation
	Formulation of objective function
	Production cost

	Physical constraints
	Machining parameters
	Depth of cut
	Feed
	Cutting speed

	Computational result of SA
	Results of SA
	Computational result of GA
	Result of GA
	Computational result of PSO
	Result of PSO

	Surface grinding
	Mathematical model
	Objective function
	Machining parameters
	Feed
	Depth of cut

	Physical constraints
	Computational results of SA
	Results of SA
	Computational result of GA
	Results of GA
	Computational result of PSO
	Results of PSO

	Results and discussions
	Single pass turning operation
	Multi-pass turning operation
	Surface grinding operation

	Conclusion
	Scope for future work

	Nomenclature
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <FEFF004a006f0062006f007000740069006f006e007300200066006f00720020004100630072006f006200610074002000440069007300740069006c006c0065007200200037000d00500072006f006400750063006500730020005000440046002000660069006c0065007300200077006800690063006800200061007200650020007500730065006400200066006f00720020006f006e006c0069006e0065002e000d0028006300290020003200300031003000200053007000720069006e006700650072002d005600650072006c0061006700200047006d006200480020>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


