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ABSTRACT: Optimization of machining parameters is a vital task for increasing machining efficiency and economics. Selection of 
optimal machining parameters is often performed by integrating empirical models with traditional mathematical and meta-heuristic 
algorithms. Ability to deal with complex and multi-dimensional optimization problems resulted in growing interest on the 
application of meta-heuristic algorithms for solving different machining optimization problems. The aim of this paper is to 
investigate the applicability of exhaustive iterative search algorithm for solving machining optimization problems which were solved 
by the past researchers using meta-heuristic algorithms. Three machining optimization case studies were considered, two for single 
objective and one for multi-objective optimization. The optimization solutions obtained by the past researchers using meta-heuristic 
algorithms and the optimization solutions obtained by exhaustive iterative search algorithm were compared and discussed. 
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1. INTRODUCTION 
Machining is one of the most important and widely 
used manufacturing processes in industry. The study 
of machining focuses, among others, on the features 
of tools, input work materials, and machine 
parameter settings influencing process efficiency 
and output quality characteristics [1]. Since the 
machining forms a significant part of the cost of the 
end product, there is a need to determine optimal 
machining parameters so as to minimize cost. 
Moreover, the selection of optimal machining 
parameters is a crucial task in order to machine high 
quality end products, increase productivity and 
profit, reduce lead times and ultimately gain 
advantage in the today’s time competitive market.  

Numerous manufacturing firms typically determine 
machining parameters, namely cutting speed, feed 
rate, depth of cut, etc., based on the machinist’s 
experience or handbook recommendations [2]. 
However, these values do not guarantee an optimum 
outcome. Furthermore, the procedure of machining 
parameters selection may be time consuming. 
Hence, it is of great importance to quantify the 
relationships between machining parameters and 
machining performance like minimum machining 
cost, minimum machining time, maximum profit 
rate, maximum production rate, maximal cut quality 
etc., and subsequently determine optimal machining 
conditions with regard to technological 
requirements, capability of machine tool, cutting 
tool and the workpiece material. 

Various traditional optimization approaches like the 
graphical techniques, geometric programming, 
dynamic programming, linear programming, the 
sequential unconstrained minimization technique, 
etc. have been used to optimize machining. 
Optimization of machining parameters is a non-
linear optimization with constraints, so it may be 
difficult for the traditional optimization algorithms 
to solve this problem because of problems such as 
convergence speed and accuracy [3]. The 
convergence speed of modern meta-heuristic 
algorithms to the global (or nearly global) optimal 
results is better than that of traditional techniques. 
Therefore, meta-heuristic algorithms such as genetic 
algorithm (GA), simulated annealing (SA), particle 
swarm optimization (PSO) algorithm, and colony 
optimization (ACO) algorithm, etc., have been used 
to further improve solving complex optimization 
problems in many applications of machining [4]. 

Whereas conventional techniques attempt to provide 
a local optimal solution, non-conventional 
techniques based on the developed extrinsic model 
or objective function attempt to provide near-
optimal cutting conditions [1]. Despite numerous 
optimization methods, every method has certain 
advantages and disadvantages for implementation in 
practice. There exists no optimization approach 
which is the “best” choice for solving machining 
optimization problems. 

Although it has been shown that meta-heuristic 
algorithms offer better performances over classical 
optimization approaches in solving complex 
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optimization problems, they are plagued by their 
own limitations such as premature convergence to a 
local optimum and poor exploitation abilities [5]. 
Main drawbacks of using meta-heuristic algorithms 
include inability to prove optimality and the fact that 
the optimization performance is highly dependent on 
fine tuning of algorithm parameters. These and other 
reasons imply that the application of meta-heuristic 
algorithms for solving machining optimization 
problems can be difficult to use for engineers who 
are not experts on optimization theory, meta-
heuristics and soft computing. Furthermore, there is 
a risk of being misled by obtained optimization 
solutions. By reviewing the literature, it can be 
observed an increasing trend of the application of 
meta-heuristics for solving many engineering 
optimization problems including machining. 

The aim of this paper is to apply exhaustive iterative 
search algorithm for solving machining optimization 
problems which were solved by the past researchers 
using meta-heuristic algorithms. The application of 
exhaustive iterative search algorithm was done using 
the developed software prototype “Function 
Analyzer” [6]. Three machining optimization case 
studies were considered, two for single objective and 
one for multi-objective optimization. The 
optimization solutions obtained by the past 
researchers using meta-heuristic algorithms and the 
optimization solutions obtained by exhaustive 
iterative search algorithm were compared and 
discussed. 

2. MACHINING OPTIMIZATION 
PROBLEMS 

In machining optimization problems the aim is 
usually to optimize an objective function, often 
representing a machining performance, under some 
machining parameter constraints. The problem may 
be expressed as follows: 
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where X is the vector of machining parameters, ( )xf  
is the objective function to be minimized 
(maximized), ( )Xgi  is the i-th functional constrain, 
and l

jX  and u
jX  are lower and upper bounds of j-th 

machining parameter jX . 
Generally, objective functions for machining 
optimization problems can be developed in two 
ways – analytically and empirically. Development of 
analytical equations, based on basic laws and 

principles of a machining process, requires deeper 
knowledge and understanding of the machining 
process and is usually quite complex. These 
equations are more general, but less accurate since 
they involve some simplifications and 
approximations in relation to the real machining 
process and do not take into account any 
imperfections in the process. Therefore, analytical 
solutions for describing machining processes are 
generally not accurate enough for practical usage 
[7]. Development of new cutting tools of different 
materials and geometry, new workpiece materials, 
lubrication agents and coatings justify the 
development of empirical model. Compared to 
analytical approach, empirical model development 
does not need deeper knowledge of the phenomena 
occurring in the machining process, but development 
of complex mathematical models and designs 
implies a more profound knowledge of the theory of 
experimental design. Development of empirical 
models comprises of the selection of experimental 
design, realization of experiment, data collection and 
development of mathematical equations using 
regression analysis. Theory and practice in the field 
of machining have shown that in most cases the best 
choice is a mathematical model in the form of 
polynomials (linear, quasi-linear, square, etc.). 

In empirical modeling, model development 
comprises of selection of functional form of the 
model and determining the adjustable parameters 
using the available data. These two issues are closely 
related but result in different types of errors. 
Decreasing one type of error is likely to increase the 
other type and vice versa. This is the so-called bias-
variance trade-off. In regression based modeling one 
needs to determine the right functional and order 
form of the polynomial and to determine coefficients 
of the polynomial equations. A low degree 
polynomial will not have the needed flexibility and 
will make large errors on test samples because of a 
large bias. A high degree polynomial is too much 
sensitive to the sample and will make large errors on 
test samples because of a large variance [8]. 

In situations where polynomial equations are not 
sufficient i.e. cannot adequately describe machining 
process being investigated, empirical model 
development is based on the application of artificial 
neural networks (ANNs). It was shown that ANNs, 
which are based on matrix-vector multiplications 
combined with non-linear (activation) functions, 
offer better data fitting capability than regression 
models for machining processes which are complex 
and highly non-linear. In applying the ANNs, neither 
the mathematical model nor the experiment plan are 
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being set according to the previously determined 
rules. The results obtained directly from the existing 
production process can be used in that sense, which 
significantly reduces cost of research [9]. 
Development of empirical equations using ANNs is 
often termed semi-empirical approach.  

Once developed, one or more objective functions are 
optimized with respect to the constraints 
(experimental hyperspace covered and machining 
limitations) to yield a value for each machining 
process parameter. Until recently, various traditional 
machining optimization techniques like graphical 
methods, Lagrange’s method, mathematical 
programming etc. have been applied for optimizing 
various machining processes. Despite the fact that 
machining optimization problems have been 
extensively researched, the complexity of machining 
problems creates the requirement for increasingly 
effective optimization algorithms [5]. In situations 
where traditional machining optimization techniques 
are not sufficient, such as problems with high-
dimensional search space with many local optima, 
heuristic-based search techniques may be very 
useful. Researchers and practitioners prefer 
alternative cost effective near-optimal (or 
approximate) solution than exact optimal, as it may 
be extremely difficult to find exact optimal point in 
higher dimensional and multimodal search space [1]. 
In this context, the so-called modern optimization 
algorithms such as GA, SA, PSO, ACO, etc. have 
been extensively used for solving different 
machining optimization problems. 

3. EXHAUSTIVE ITERATIVE SEARCH 
ALGORITHM 

In computer science, exhaustive search, also known 
as generate and test, is a very general problem-
solving technique that consists of systematically 
enumerating all possible candidates for the solution 
and checking whether each candidate satisfies the 
problem's statement. For solving the machining 
optimization problems an exhaustive iterative search 
algorithm is developed, incorporated in the 
developed software prototype “Function Analyzer” 
[6]. The developed algorithm performs an iterative 
search of all machining parameter values 
combinations and determines which combination 
corresponds to an extreme objective function value 
and at the same time satisfies given constraints. The 
main advantage of this optimization method is that it 
guarantees the optimality of the determined 
solutions for given discrete optimization space. 

4. CASE STUDIES 
It is observed from the literature that different meta-
heuristic optimization algorithms have been applied 
for solving machining optimization problems. To 
check whether any further improvement of the 
optimization solutions obtained by the past 
researchers is attainable, three machining 
optimization research papers were considered. Two 
case studies dealt with single objective optimization 
of turning process using the GA and PSO, and one 
case study dealt with multi objective optimization of 
electrical discharge machining process using GA. In 
this section the formulation of machining 
optimization problems for each case study was given 
and the optimization solutions were compared with 
the solutions of exhaustive iterative search algorithm 
in the next section.  

4.1. Case study 1 

Sharma et al. [10] conducted turning experiments on 
aluminum 6061 alloy and metal matrix composites 
of aluminum. An attempt has been made to establish 
mathematical relationships between the cutting 
parameters and surface roughness based on a 
regression analysis. Mathematical relationship 
between the response and machining parameters for 
Al/SiC (5%) composite material was obtained as 
follows: 

2 2 2

18.7 0.00122 443 10.4

   0.000001 2541 4.71
   0.0015 0.00229 40.7

aR v f d

v f d
v f v d f d
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+ ⋅ − ⋅ − ⋅
− ⋅ ⋅ − ⋅ ⋅ + ⋅ ⋅
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where v is the cutting speed (m/min), f is the feed 
rate (mm/rev), and d is the depth of cut (mm). 

In an attempt to obtain optimum turning parameters 
for minimum surface roughness value, Sharma et al. 
[10] applied PSO algorithm considering the 
following constraints for the machining parameters: 
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subject to: 228 740 (mm/min)
               0.05 0.1 mm/rev

                   0.4 1 (mm)

aR f v f d
v
f
d

=

≤ ≤

≤ ≤
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 (2b) 

4.2. Case study 2 

Sanjeev et al. [11] investigated the influence of 
cutting parameters in turning of 
polytetrafluoroethylene (PTFE) material. The 
authors developed regression model for predicting 
surface roughness based on cutting speed (v), feed 
rate (f) and depth of cut (d). The mathematical 
equation for calculating the surface roughness was 
obtained as: 
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0.309 0.675 0.87 0.175
       0.234 0.002 0.143

aR v f d
v f f d v d

= − + ⋅ + ⋅ + ⋅

− ⋅ ⋅ − ⋅ ⋅ − ⋅ ⋅
 (3a) 

By using GA, Sanjeev et al. [11] determined optimal 
turning parameters minimizing surface roughness by 
considering the following constraints for turning 
parameters: 
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4.3. Case study 3 

Maji and Pratihar [12] applied multiple regression 
analysis to model the input-output relationships of 
an electrical discharge machining process based on 
the experimental data collected according to a 
central composite design. Three input parameters, 
such as peak current (Ip), pulse-on-time (Ton) and 
pulse-duty-factor (t), and two outputs, namely, 
material removal rate (MRR) and surface roughness 
(SR) had been considered for the said modeling. 
Both MRR as well as SR had been expressed 
separately, as the nonlinear functions of input 
variables (in terms of un-coded units of input 
variables), given in equations (4) and (5), 
respectively: 
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To determine the set of input variables in order to 
satisfy both the above criteria, the authors applied 
GA. The optimization problem had been formulated 
as a maximization problem considering both the 
objective functions as given below: 
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                50.0 750.0 μs ,
                4.0 12.0.
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A binary coded GA had been used to solve the said 
problem. As noted by Maji and Pratihar, since the 
performance of a GA depends on its parameters, a 

systematic thorough study had been conducted to 
determine the set of optimal parameters. 

5. RESULTS AND DISCUSSION 
In previous researches machining optimization 
problems were solved using meta-heuristic 
algorithms such as the GA and PSO. In this section 
the optimization solutions obtained by the past 
researchers were compared with the solutions of 
exhaustive iterative search algorithm. For solving 
the machining optimization problems formulated in 
previous section, exhaustive iterative search 
algorithm was incorporated in the developed 
software prototype [6] run on Intel Core2Duo T5800 
with 4 GB RAM. Application of software prototype 
requires no expert knowledge of optimization theory 
and tuning of parameters. However, before the 
actual application of software prototype for solving 
machining optimization problems, a user is obligated 
to define the step for each machining parameter. The 
step defines the number of possible values for each 
machining parameter inside the search space defined 
in the optimization problem formulation framework. 
Smaller steps imply dense search grid and 
calculation of a larger number of machining 
parameter values combinations, thus, greater 
accuracy of the optimization solution obtained 
(Figure 1). 

 
Figure 1. Search grid for optimization using exhaustive 

iterative search algorithm 

It has to be noted that different machining 
parameters can have different step values. The step 
values for each machining parameters were set 
considering the constraints of the optimization 
problem, that is, interval range for machining 
parameters. For example, in case study 1, the 
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constraints for the feed rate (f), cutting speed (v) and 
depth of cut (d) were as follows: 0.05 ≤ f ≤ 0.1 
(mm/rev), 228 ≤ v ≤ 740 (mm/min) and 0.4 ≤ d ≤ 1 
(mm). In order to create dense search grid for 
optimization, the steps for f, v and d were set to 
0.001, 1 and 0.01, respectively, which resulted in 
1595943 machining parameter values combinations. 
The step values for other case studies were set in a 
similar way. 

The comparisons of optimization solutions for the 
case studies are summarized in Table 1. The analysis 
of the results Table 1 indicates that the optimization 
solutions obtained by exhaustive iterative search 
algorithm are better than obtained by past 
researchers using meta-heuristic algorithm. As can 
be seen, in some cases, the identified machining 
conditions drastically differ from those selected as 
optimal one in previous researches. The obtained 
optimization solutions can be verified through a 
trivial calculation using the regression equations 
given in section 4. It can be also observed that the 
computational time of the exhaustive iterative search 
algorithm for the case studies considered in this 
paper is very good. 

The percentage improvement of the optimization 
solution for each case study is given in Figure 2. As 
it can be seen, significant improvements in terms of 
the quality of optimization solutions can be 
achieved. Finally, in Figure 3, which represents the 
computational time vs. number of machining 
parameter  combinations,  one  can  observe   perfect 

linear correlation, indicating that machining 
optimization problems with more machining 
parameter combinations can be solved very fast. 
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Figure 2. Percentage improvement of the optimization 

solutions 
Figure 3.  
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Figure 4. Correlation between machining parameter 
combinations and computational time 

 
Table 1. Comparison of machining optimization solutions  

Machining parameters Case 
study 

Obtained by 
f 

(mm/rev) v d 
(mm)

Fitness function 
Machining 
parameters 

combinations 
calculated 

Computational 
time 

Single objective optimization 

Sharma et al. [10] 0.05 
v = 233 
mm/min 0.4 0.857* - - 

1 (Eq. 2) 
exhaustive iterative 
search algorithm 

0.05 
v = 740 
mm/min 0.4 

Ra (µm) 

step 0.001 1 0.01  
0.22936 1595943 1.72 

Sanjeev et al. [11] 0.164 
v = 158.06 

m/min  1.719 61.92 - - 
2 (Eq. 3) 

exhaustive iterative 
search algorithm 

0.3  v = 150 m/min 2.5 
Ra (µm) 

step 0.01 1 0.01  
37.483 531846 0.59 

* Corrected value 
Multi-objective optimization 

  Ip (A) Ton (µs) t    
Maji and Pratihar [12] 17 138  11 0.745349 - - 

3 (Eq. 6) exhaustive iterative 
search algorithm 

18 50 12 
Y 

step 0.5 0.5 0.5  
0.833964 595425 0.76 
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6. CONCLUSIONS 
In this paper exhaustive iterative search algorithm 
was applied for solving machining optimization 
problems. It was observed that by using exhaustive 
iterative search algorithm improvements in terms of 
the quality of the optimization solutions can be 
achieved. This algorithm proved efficient even for 
large number of machining parameter values 
combinations. Perfect linear correlation between 
computational time and number of machining 
parameter combinations indicated that more 
complex machining optimization problems can be 
solved very fast using exhaustive iterative search 
algorithm. However, by increasing number of 
machining parameters and/or possible values for 
each parameter, the number of machining parameter 
combinations may become too large and the 
exhaustive iterative search algorithm inapplicable. 

From the machining point of view, in many cases 
where one uses machining model which is valid over 
an experimental hyper-space covered, one is not 
necessarily interested in the precise value of the 
function over an entire hyperspace, rather to those 
machining conditions that can be achieved on the 
given machine tool. Thus generation of search grid 
that corresponds to the machining conditions that 
could be achieved in real manufacturing 
environment further supports the use of the 
exhaustive iterative search algorithm. As observed 
from the case studies, by using meta-heuristic 
algorithms one bares the risk of being misled, which 
leads to inadequate setting of machining parameters, 
often far from optimums. All of these reasons 
support the fact that it is necessary to validate the 
optimization solutions obtained using meta-heuristic 
algorithms and the application of exhaustive 
iterative search algorithm is considered to be an 
appropriate tool. 
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