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Abstract - Traditional search methods used to solve manufacture engineering optimization problems fail to find the global 
optimum when dealing with a complex objective function and a large number of decision variables. Bio-inspired 
metaheuristics search algorithms shows significant performance in handling multi-model function optimization with many 
constraints. They can efficiently explore the search space and produce results that are more global in nature. Compared with 
other metaheuristic algorithm, the CSA has the advantage of less parameter setting and easy implementation. Two cutting 
tools Cases study of engineering problems are used to demonstrate the CSA. The results of case studies show the CSA 
perform a promising result in engineering optimization problem. A performance comparison with genetic algorithms, 
particle swarm optimization and cuckoo search is also presented in the paper and shows the ascendancy with better 
convergence rate. 
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I. INTRODUCTION 
 
Bio-inspired metaheuristics algorithms were used 
successfully to handle many problems in 
manufacture. For example, bat algorithm (BA), 
firefly algorithm (FA), and artificial bee colony 
(ABC) algorithm were used to repeatedly update the 
synaptic weights of an Artificial Neural Network 
(ANN) to model the dynamics of the Tennessee 
Eastman (TE) chemical reactor [1]. These algorithms 
were used to enhance the ability of ANN to model 
manufacturing systems dynamic and avoid deceiving 
into a local optimum. Metaheuristic methods are 
well-developed and applied to solve optimization 
problems in recent decades. Researchers and scholars 
proposed these new algorithms by observing and 
studying intelligent behaviors from natural 
phenomena. Those nature-inspired algorithms are 
named metaheuristic algorithm [2]. The 
randomization factor applied to these algorithms help 
to explore the search space and tend to find the global 
optimum. The algorithms will keep a balance 
between the global search and local search based on 
the setting parameter [3]. With a population of 
seekers used in the algorithms, it reduces the time to 
explore the search space. Metaheuristic algorithms 
perform a promising result in finding the local 
optimum as well as the global optimum during the 
optimization problem [4]. 
 
Some well-known bio-inspired algorithms are genetic 
algorithms (GA) based on the natural selection [5], 
bat algorithm (BA) based on echolocation behavior of 
microbats [6], particle swarm optimization (PSO) [7], 
cuckoo search (CS) [8], [9] and harmony search (HS) 
[10], etc. A comparison between a number of 
Metaheuristic algorithms including Genetic 
Algorithms (GA), Particle Swarm Optimization 
(PSO) and the Accelerated PSO, Cuckoo Search, 

Krill Herd, and Firefly algorithm was provided in 
[11] to solve the parameter estimation problem for a 
Winding process in the industry. Researchers are still 
exploring the development new algorithm for users to 
easily understand and apply in problem-solving as 
well as improving the performance during computing. 
Similar to other metaheuristic algorithms, CSA is 
based on the intelligent behavior of crows [12]. CSA 
is a nature-inspired algorithm proposed by 
Askarzadeh in 2016.  With top bird IQ scale, crows 
are considered one of the most intelligent animals in 
the world according to their ability to memorize 
faces, use tools, communicate in sophisticated ways 
and hide and retrieve food [13], [14]. The intelligent 
behaviors of a flock of crows can be implemented in 
the optimization processing. The proposed CSA 
algorithm by Askarzadeh [12] in 2016 showed 
promising results in solving constrained and 
engineering design optimization problems. 
 
In engineering industries, it is common to deal with 
engineering optimization problems in order to find 
out a cost-efficient way in manufacturing. Sometimes 
the problems involve a variety of parameters and 
constraints as well as complex objective functions. 
Numerous of decision-making needs to be considered 
in order to satisfy the required specifications of 
products or to save money with effective methods 
[12]. To find an optimal solution for problems, all 
available feasible solutions should be taken into 
considerations. However, some problems cannot be 
solved directly with formulas. For instance, in 
industrial manufacturing, the cutting tool is one of the 
essential tools which is widely used to manufacture 
workpieces. During the metal-cutting process, the 
heat generated from the contact point between cutting 
tools and workpieces results in temperature increases. 
This temperature affects not only the tools of life but 
also the quality of the products. Although 
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experienced workers know the parameters setting of 
machine and materials affect the temperature, there is 
no specific or clear theoretical formula can directly 
calculate the temperature like area or power. In [15], 
authors show that the selection of optimal machining 
conditions is a key to achieve higher efficiency and 
lower cost. In this Case, empirical models and an 
optimization technique are introduced to solve this 
problem and achieve the goal. This optimization 
problem is named parameter optimization, and it aims 
to minimize the difference between real data and 
calculated value from the models. Optimization 
techniques are used to estimate the optimal 
coefficients for developing the best fit models, which 
subsequently implemented in actual manufacturing 
processes [16].   
 
The parameter optimization problem for modeling 
manufacturing processed is solved by traditional 
methods, such as statistical least square methods 
(LSE) [17]. Traditional methods for parameter 
optimization show some promising performance 
while solving this problem. However, LSE has 
shortcomings when dealing with some complicated 
problems with a variety of parameters taken into 
consideration. However, they have many drawbacks 
1) they tend to find local optimum rather than the 
global optimum, 2) they have a hard time to solve 
problems with numerous of decision variable and 
complex objective functions, such as nonlinear and 
multimodal [12], 3) they even fail to solve the 
problem when constraints are involved. In order to 
find the global optimum and improve performance 
while solving the engineering optimization problem, 
an efficient approach is essential and imperative. 
 
In this paper, the proposed CSA methods will be 
applied to the parameter optimization problems for 
cutting tools. The remainder of this paper is 
organized as follows. Section II will describe CSA 
algorithms in details as well as the CSA 
implementation for optimization. Engineering 
optimization problems, cutting tool temperature 
modeling, will be presented in Section III as 
simulation examples applied with CSA algorithm and 
the experimental result will be discussed in Section 
IV The conclusion will be drawn in the Section V as 
well as the future work will be mentioned. 
 
II. CROW SEARCH ALGORITHMS (CSA) 
 
The inspiration of CSA is according to the crows 
hiding food behavior as well as the search mechanism 
for others' food hiding place. Crows will hide their 
excess food in some places they memorized and 
retrieve when they need. As greedy birds, crows will 
try to find others' hiding place to look for better food 
by following others and do thievery. Meanwhile, 
crows also prevent their food from being stolen. The 
anti-tailing ability enables the crows to notice if 

another follows it by a probability. If the crows 
noticed it is followed, they would fool the following 
crow to random places in the environment rather than 
taking them to their hiding places. From the 
optimization point of view, a flock of crows can be 
treated as a population of seekers in the search space. 
The number of crows is the population size, and the 
environment is the search space. Each position in the 
environment, represents a feasible solution, to the 
problem at hand; the position of the hiding place is 
the best solution for the corresponding crows 
observing so far. The objective (fitness) function is 
the standard to evaluate the quality of food. In this 
Case, crows are searching for the best food in the 
environment, where the best food is precisely the 
global optimum solution for the optimization 
problem. Based on this simulation on the intelligent 
of crows, the CSA algorithm is aimed to find the 
optimal solution for the optimization problem. 
 
The key idea of simulating the intelligent behavior of 
crows is the food search mechanism and the way that 
crow prevent their food from being stolen from the 
hiding places by fool another crow to a random 
position. The experience of thievery also teachers 
themselves to take prevention to store their food in 
safe places to protect their caches from being pilfered 
[18]. Leading the followed crows to random positions 
provides the randomization in the CSA algorithm. 
Based on the intelligent behaviors of crow mentioned 
above, the principles of CSA can be concluded as 
follow: 
 Crows live as a form of the flock. 
 Crows memorize their food, hiding places and 

retrieve when they need. 
 Crows steal others' food by following other 

crows. 
 When Crows noticed it is followed, fool the 

followed crows to a random position. 
 
 
Simulating the principles into mathematical model for 
optimization problem. Assuming the d-dimensional 
environment is the search space and each position in 
the environment represents the feasible solution for 
the problem. The number N of crows in the flock is 
the population size and d is the number of decision 
variable. x ,  represents the current position of a crow 
i at iteration t in search space, where i = 1, 2, ..., N; t 
= 1, 2, ..., t  and t  is the maximum number of 
iterations. The position of crow i at iteration t is 
defined as: 
x , x , , x , , … , x , , 

x , is a set of solution to the problem. Each crow has 
its corresponding memory m to store the (hiding) 
position, where the crow i memorizes the position 
with the best food obtained so far at iteration t and 
stores in m , . During the optimization processing, the 
crow i is following the crow j to the hiding place m ,  
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 Step 5: The feasibility of each new position will 
be checked based on the constraints of the 
problem before updated. If the new position is 
not feasible, the crow will stay at the current 
position. 

 Step 6: The quality of the new positions will be 
evaluated by the fitness function for comparison 
in the next step. 

 Step 7: The crows will update their memories if 
the quality of the new position is better than the 
quality of the memorized position. If not, the 
crows will keep their current memories. 

 Step 8: Steps 4-7 are repeated until the number of 
iterations reaches the maximum. The best 
position among the memory at maximum 
iteration will be present at the optimal solution 
for the problem. 

 
III. CASE STUDY: CUTTING TOOLS 
 
The Case study is about finding the best fit empirical 
model of cutting tool for calculating the temperature 
by determining the coefficients in the model. In this 
Case study, a P05 horny steel cutting tool and an EN-
31 steel alloy chip tool are used to examine the CSA 
in the experiment, respectively. Two corresponding 
datasets are used, and the root means square error 
(RMSE) is used as the objective function to evaluate 
the quality of the solutions. The goal is to minimize 
the RMSE value between the experimental 
temperature T and the calculated temperature of Tr. 
The RMSE function is shown as Eq.4. The result of 
the problem with CSA will be compared with CS, 
GA, and PSO, and discussed in the next section. 
 

RMSE  
1
n

T T  

(4) 

 
where Tis the real actual value and Tris the estimated 
target value. n is the total number of measurements. 
 
A. Case 1: A P05 Horny Alloy Steel Cutting Tool 
Yi-jian, Jian-ming, and Shuqing [19] illustrated the 
P05 horny alloy steel cutting machine and adopted 
the PSO algorithm to estimate the values of the 
coefficient of the empirical model. The experiment 
metal cutting system with cutting tool P05 horny 
alloy steel is shown as Figure 2. The empirical model 
to calculate the temperature Tr for the P05 horny 
alloy steel cutting system is shown as follow: 
 
  T ka f v  (5) 
 
where Tris the output of temperature model, k is a 
coefficient depending on the machined material, ap is 
the depth of cut (mm), fis the cutting feed rate 
(mm/rev), v is the cutting speed (m/min), x, y and z 

are coefficients dependent on the cutting tool type of 
material. 
 

 
Fig.2: P05 Metal cutting system [20] 

 

 
TABLE I: Experimental data for P05 horny alloy steel Cutting 

Tool. 
 
The experimental data used to examine the algorithm 
is shown as Table I. This empirical model has been 
studied with other approaches with the same dataset, 
including PSO [19], GA [21] and CS [22]. The result 
models with PSO, GA and CS shown in Table IV will 
be evaluated and compared with the result obtained 
by CSA method in the next section. 
 

 
TABLE II: Experimental data for EN-31 steel alloy Chip Tool. 
 
B. Case 2: An En-31 Steel Alloy Chip Tool 
The second study Case is to determine another 
empirical model of a tool-chip interface temperature 
during turning of EN-31 steel alloy with tungsten 
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carbide. With a tool-work thermocouple technique, an 
experimental dataset recorded by Abhand and 
Hameedullah [23] is shown in Table II. They 
measured the tool-chip interface temperature under 
different levels of cutting conditions and formulated 
an empirical model, as shown in Eq.6 based on the 
experimental data. 
 
 T ka f v r  (6) 

 
where Tris the output of temperature model, k is a 
coefficient depending on the machined material, ap is 
the depth of cut (mm), fis the cutting feed rate 
(mm/rev), v is the cutting speed (m/min), r is the tool 
noise radius, a, b, c and d are coefficients dependent 
on the cutting tool type of material. A study by Faris 
and Sheta [22] also applied GA, PSO and CS 
methods to determine this empirical model with same 
dataset. The result of the best optimized models is 
shown in the Table V. The performance of these 
models is also compared with our proposed model 
developed by CSA in the next section. 
 
IV. EXPERIMENTAL SETUP 
 
In this section, we show the encoding method for the 
solution-based CSA metaheuristic algorithms to solve 
the parameter optimization problem for the cutting 
tools process.We formulate the problem as a 
minimization problem. Thus, the goal of the 
optimization problem is to minimize the $f$ by 
tuning the process parameters as follows: 

Min. f k, x, y, z  
 
Candidate solutions are defined as four and five 
dimensional vectors of parameters for Case 1 and 
Case 2 as follows: 
 

k x y z 
 

k a b c d 
 
 
The parameters are presented in a vector notation 
format. For each vector of parameter, there is an 
associated function value serves as its fitness, with 
lower values preferred for minimization problems. 
We run the experiment for four times with various 
flock size of 50, 100, 250 and 500 respectively. The 
different flock size setting is used to compare the 
population impact on computation results. 

 
TABLE III: Parameter setting for CSA in cutting tool Case 

study. 

A. Evaluation Metrics 
In order to examine the performances of the CSA 
approach with the study Cases, the measurements 
used for evaluation are the Variance Accounted For 
(VAF), the Euclidian distance (ED), the mean squares 
error (MSE), Mean Absolute Error (MAE) and mean 
magnitude of relative error (MMRE) [24]. These 
measurements approaches are also used as the criteria 
for performance comparison among the CSA, PSO, 
GA, and CS methods. The VAF, ED, MSE, MAE, 
and MMRE measurements are computed as: 
 
 

VAF 1
var T T

varT
100% 

(7) 

 

ED |T T |  

(8) 

 
MSE

1
n

T T  
(9) 

 
MD

1
n

|T T | 
(10) 

 
MMRE

1
n

|T T |
T

 
(11) 

where T is the real actual value and Tris the estimated 
target value, n is the total number of measurements. 
 
V. EXPERIMENTAL RESULTS 
 
Based on the experimental data shown in Table I and 
Table II, the CSA method is applied into two cutting 
tool model with tuning parameter shown in Table III 
to determine the optimal coefficients for the empirical 
model respectively. After 5 runs for each Cases, the 
optimized parametric model by CSA obtained so far 
are shown in Table IV for Case 1 and Table V for 
Case 2. 
 T 470.2968a . f . v .  (12) 
 T 163.4713a . f . v . r .  (13) 
 
Based on the different flock size tuned in the CSA 
computing, the convergence curves of the two 
developed parametric models by CSA obtained so far 
are shown in Figure 3 for Case 1 and Figure 4 for 
Case 2. Both figures only display the first 250 
iterations in order to show the different convergence 
rate based on different population size. These figures 
demonstrate that the CSA method has a great 
convergence rate of determining optimal coefficients 
of the empirical model in the cutting tool regardless 
of the population sizes for both study Case. Even 
though they show the larger population sizes help to 
find the optimal solution within fewer iterations 
compared to the smaller population, the difference 
between curves is small.  
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TABLIE IV: Parametric models optimized for P05 horny alloy steel Cutting Tool from literature [19], [21], [22]. 

 

 
TABLIE V: Parametric models optimized for EN-31 steel alloy Chip Tool from literature [19], [21], [22]. 

 

 
Fig. 3: Best so far convergence rate of CSA with different 
population sizes for P05 horny alloy steel Cutting Tool. 

 

 
Fig. 4: Best so far convergence rate of CSA with different 

population sizes for EN-31 steel alloy Chip Tool. 
 
For both Cases, the solutions converged to the 
excellent region for an optimal solution within 100 
iterations with a population size of 50, and within 50 
iterations with a population size of 500. The 
corresponding RMSEs at the optimal solution 
reported are 4.5234 for Case 1 and 25.29 for Case 2, 
respectively. Even if one more decision variable 
involved, the CSA algorithm still took the same 
number of iterations to find the optimal solution in 

Case 2 under the same population size compared to 
Case 1. 
 
As mentioned in the previous section, two developed 
models estimated by CSA are evaluated by Equations 
7-11. Other developed models estimated by PSO 
[19], LS, GA [21] and CS [22] are also evaluated 
with the same performance measurement methods 
and the comparative performance tables for Case 1 
and Case 2 are shown as Table VI and VII 
respectively. The best value of performance results is 
highlighted (bold) in term of each performance 
measurement method.   
 
The rank-based on different measurement methods is 
also presented in the Table IV and Table V. For Case 
1, the performance results of CSA outperformed LS 
and GA, whereas CS beats it with a slight difference. 
On the other hand, the performance results of CSA in 
Case 2 illustrate the ascendancy compared to other 
optimization approaches. In additions, Figure 3 and 
Figure 4 demonstrate the outstanding convergence 
rate regardless of population size. Therefore, the CSA 
approach is a promising method for solving the 
optimization problems with the advantage of 
convergence rate. 
 
VI. CONCLUSIONS 
 
In the article, the metaheuristic algorithm, crow 
search algorithm, is introduced to solve the 
optimization problems. The less parameter tuning is 
an excellent advantage of CSA, which helps users to 
implement the CSA in solving optimization problems 
quickly. The CSA can handle engineering 
optimization problems with complex objective 
functions, such as nonlinear and multi-modal. The 
results of two empirical model of cutting tool Case 
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studies demonstrate that CSA is a practical approach 
to solve optimization problems. Through the 
performance comparison between the CSA approach 
with some popular metaheuristic algorithms, it 
illustrates the outstanding performance of the CSA 
approach in developing a complex empirical model. 
The better convergence rate of CSA in comparison 
shows the ascendancy once again. In order to prove 
the advantages and excellent performance of CSA, a 
more comparative study with other optimization 
algorithms in different optimization problems need to 
be done in the future, especially problems with more 

complicated objective function with a large number 
of decision variables. 
Meanwhile, the computing time is another essential 
criteria which should be taken into consideration in 
further comparisons. More importantly, constraints in 
the problems can be considered into the CSA during 
computing. Based on this advantage of the CSA 
approach, problems with constraints should be used 
for studying the performance of CSA. In term of the 
CSA approach, the optimal values of parameter 
setting (fight length and awareness probability) 
selected based on different problems should be 
studied as well. 

 

 
TABLIE VI: Comparative performance evaluation results for P05 horny alloy steel Cutting Tool. 

 

 
TABLIE VII: Comparative performance evaluation results for EN-31 steel alloy Chip Tool. 
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