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Abstract 
Nowadays, flexible manufacturing systems play an effective role in a 
variety of production and timely response to the needs of their customers. 
Flexible manufacturing cell is a part of this system that includes machines 
with flexibility in manufacturing different parts. For many years, 
minimizing the number of tool switches in the machines has been studied 
by the researchers. Most research in this field has not considered the 
limitations related to life and failure of the tool. Therefore, it is necessary 
to provide a model that, because of restrictions on tool life, the number of 
tool switches for a flexible cell is minimized. In this study, the impact of 
the tools reliability on minimizing the number of tool switches is 
examined. First, a mathematical model is presented for the problem. 
Because of the complexity of the problem, exact solution of the problem 
in medium or large sizes is not possible in a reasonable time. Therefore, 
genetic meta-heuristic algorithm has been used for solving the problem 
and Keep tools needed soonest (KTNS) policy has been used to 
determine the optimal arrangement of tools. Then, some examples of 
such problem have been solved to evaluate the performance of the 
presented algorithm. 
Keywords: tool switches, reliability, Flexible Manufacturing Systems, 
genetic algorithm 

1- Introduction 
   Production of products and providing services require planning and control as one of the main 
reasons for the continued existence of human society. Appropriate and timely response to customers' 
orders, the timely procurement of raw materials, and optimal use of resources and production facilities 
are the results of proper planning in manufacturing systems. The success of the production in this 
decade needs to process which can react quickly to changing market conditions (Crama and Van De 
Klundert, 1997). A flexible system is a system that combines flexibility in manual production, and the 
speed of production in mass production (Buyurgan et al., 2004) Because of high flexibility of the 
machines in these systems, and performing various operations on a part, as well as different parts in 
sequence to enter the manufacturing system, tool switches on the machine tool is necessary. 
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 The issue raised in this study is minimizing the number of tool switches in flexible manufacturing 
systems in terms of reliability tools. Reliability is a concept that recently has been discussed in issue 
of tool switches. Typically, in relation to the machine and tools scheduling, the underlying assumption 
is that machines and tools are constantly active and available. But the system usually works in an 
environment which is faced with serious uncertainty. Therefore, the machine and tool may be disabled 
for the specific period. Calculation of reliability is essential to forecast tool life correctly. Reliability 
of tool shows the probability of much wear of tool than a certain pre-determined value at a certain 
time of operations (Rodriguez and de Souza, 2010). The lack of accurate prediction of tool life and as 
a result, not knowing of switching time of tools leads to unpredictable delays. After determining the 
optimal time to replace tools, it is required that the model be designed to minimize the number of the 
tool switches. In none of the studies, the problem of minimizing the number of tool switches in 
flexible manufacturing cells with regard to the reliability of the tool has been studied. In this study, it 
is tried to provide a model that the number of tool switches in the manufacturing cells subject to 
reliability of the tools be minimized. In this study, the results of literature review are presented in the 
second section. The exact definition of the problem is presented in the third section. In the fourth 
section, in order to evaluate the performance of algorithms some problems are solved. In the fifth 
section, the results of the study are summarized, as well as suggestions for future research are 
presented. 

2- Literature Review 
   Tool Management in flexible manufacturing systems is an essential part of production management. 
A review of this issue, by Gray et al. (1993) show that the lack of consideration of tool management 
will lead to low performance of the systems. According to the Shirazi and Frizelle (2001) survey, it is 
known that a number of large companies do not have a manner for managing the tool. This issue was 
evaluated for the first time by Tang and Denardo (1988). A method by Tang and Denardo (1988) 
entitled Keep Tools Needed Soonest (KTNS) is provided to solve this problem and it is proved that, if 
the parts sequence is fixed, this policy will provide the best way for tool placement. Crama et al., 
(1996) have examined the minimum number of tool switches on a CNC machine for the case that the 
switching time is the same. In this paper it is proved that the problem of tool switches is NP-hard for 
the case that tool magazine capacity is at least two. Laporte et al. (2004) have provided two integer 
linear programming models to solve the problem of minimizing the number of tool switches, which 
one of them is solved using a branch and cut algorithm, and the other one is solved using branch and 
bound algorithm. Ghiani et al. (2010) have provided a branch-and-bound algorithm to solve the 
problem as a problem of nonlinear Hamiltonian cycle, and based on their results, the proposed 
algorithm has good performance compared with study of Laporte et al. (2004). 
   One of the basic assumptions in Placement Tool is sequencing jobs. Bard (1988) has presented a 
nonlinear integer programming model for solving the problem of sequencing of jobs in order to 
minimizing the number of tool switches. The end result of this problem is to minimize the time for the 
completion of the last job. Das et al. (2009) have used a Lagrangian relaxation innovative method to 
solve the problem, and has been assumed that the time of switching is the same. Akturk et al. (2003) 
have raised the problem of sequencing of jobs in view of the tool switching because of the failure, in 
which the objective is to minimize the total time required to complete jobs. 
   Adjiashvili et al. (2015) have revisited the tool switching problem on a flexible manufacturing 
machine. They have also presented a polynomial algorithm for the problem of finding a switching 
plan that minimizes the number of tool switch instances on the machine, given a fixed job sequence. 
Chaves et al. (2016) have provided a new hybrid heuristic based on the Biased Random Key Genetic 
Algorithm (BRKGA) and the Clustering Search (CS), applied to the minimization of tool switches 
problem. 
Fawzan and Sultan (2003) have offered a tabu search algorithm to minimize the number of tool 
switches on a flexible machine. In fact, the model proposed by Tang and Denardo (1988) is solved 
using another method. Crama et al. (2007) have examined the complexity of the tool switching with 
regard to non-identical instruments. The research has proved that this problem is NP-complete and it 
has been shown that, if the tool storage is fixed, and to be considered as input, the time of problem 
solving is a polynomial. If you can group the jobs, or switching time is long, minimizing a number of 
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steps to replace tool compared to minimizing the number of tool switches will have better 
performance. It is studied by Tang and Denardo (1988) for the first time. Konak et al., (2008) have 
solved minimizing the number of tool switching using tabu search algorithm. Song and Hwang (2002) 
have studied the problem of placement tool. The objective function is to minimize motion of tool 
transfer during tool insertion in the toolbox. Hirvikorpi et al. (2006) has examined scheduling of a 
flexible system with the aim of minimizing the average time to complete the jobs by sequencing jobs 
and decisions of the tools management. A genetic algorithm was used to solve the model.  
   Altumi (2009) has presented a model in which the order of processing jobs, the placement tool and 
how to allocate spare tools with the objective of minimizing cost and maintaining optimum system 
reliability are considered. Zeballos (2010) has presented a Constraint programming approach to 
schedule a flexible system, which includes a model and search strategy, and the limitations of the tool 
life, tool magazine capacity and number of tools in the system considered. Akturk et al. (1996) have 
presented a new method to minimize production costs, which include costs of machining time and 
cost of machine downtime due to tool switches. In this paper it is proved that this problem is NP-
complete. Akturk et al. (1996) have presented a model to optimize the arrangement of tools and tool 
storage tank operation sequences. The overall objective is to minimize the cost of production using 
the concept of sharing tools, and consider the dual tank for the tool on the machine to minimize 
placement tools taking into account the limitations of the tool life and the availability of tools and 
limited tool magazine. Kwon and Fischer (2003) have provided a new model for calculating erosion 
of tool and its life. Turkcan et al. (2007) have studied the problem of tools management, timing and 
placement tools in a flexible system. The decision on the optimum conditions for machining and how 
to allocate tools in the environment including CNC machines. 
   Raduly-Baka and Nevalainen (2015) have investigated the complexity of the modular tool switching 
problem arising in flexible manufacturing environments. The modules can hold a number of tools 
necessary for the jobs. Also, they have considered the complexity of the problem of arranging tools 
into the modules, so that the work for module and tool loading is minimized. Amaya et al. (2012) 
have studied the tool switching problem is well known in the domain of flexible manufacturing 
systems. The tools to be loaded / unloaded at each step to process the jobs, such that the total number 
of tool switches must be minimized. In addition to, they have combined a Genetic Algorithm with 
three different local search heuristics: hill climbing, tabu Search and Simulated Annealing. Catanzaro 
et al. (2015) have investigated the job Sequencing and tool Switching Problem (SSP), a NP-hard 
combinatorial optimization problem arising from computer and manufacturing systems. In addition to, 
they have developed a new integer linear programming formulations for the problem. Konak and 
Kulturel-Konak (2007) have proposed an Ant Colony Approach to minimize the number of tool 
switching instants, when the tool switch time is independent of the number of tool switches. The 
algorithm was applied to solve large sized instances of practical importance. Konak et al. (2008) apply 
two Tabu Search approaches to solve this problem and show that they find solutions close to optimal 
in reasonable times. Yanasse and Rodrigues (2007) have presented an exact enumeration scheme for 
solving minimization of tool switches based on partial ordered job sequences. To obtain an initial 
upper bound for the optimal solution value for the enumeration scheme, a heuristic is proposed based 
on the same partial ordered idea. Amaya et al. (2010) have provided the minimization of tool switches 
problem using several hybrid cooperative models where spatially-structured agents are endowed with 
specific local search/ population-based strategies. 
   Usually, the research that has been done in calculating tool life, the number of effective parameters 
on machining conditions are considered to calculate tool life. These conditions include feed rate, 
cutting speed, depth of cut and so on. Due to the limited tool life at different time intervals, reliability 
can be considered for tools, and as a result, the failure rate can be defined for the tool. Tool reliability 
can be calculated with different approaches. The major methods consider the tool reliability as a 
function of its life, but the tool reliability can be calculated subject to machining tool conditions of the 
operating environment. Common distribution in calculating the reliability is the Weibull distribution. 
This distribution has high flexibility to define reliability. Machining conditions can also be considered 
in this distribution. 
Tool reliability is calculated as follows: 
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We assume that the density function of the tool life over time is equal to( )f t andT  indicates the tool 

life. Reliability of the tool at time t is shown as ( )R t , and ( )F t is cumulative distribution function of 

tool life at the moment t. 
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Equation (1) shows the calculation of tool reliability, and according to different distributions which 

are defined for ( )f t , reliability comes in many different forms. 

2-1- Weibull distribution 
  If distribution function of tool life is Weibull, reliability tool is calculated according to the equation 
(2). 
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In equation (2), α and β  are fixed parameters and represent the distribution form. The problem of 
determining the optimal time to replace tool when tool works in a similar machining conditions is 
widely studied. The optimal time to replace tool is obtained through minimizing the expected costs 
per unit of time. But in a flexible manufacturing system, the situation is different, and each tool works 
in different machining conditions, and performs different operations. As a result, the replacement time 
of tool in addition to time, is a function of the machining conditions. Liu et al., (2001) have been 
examined the problem related to determining the optimal time to replace tool in a flexible 
manufacturing system. The number of jobs assigned to the tools and machining conditions is 
specified, and each tool has a failure rate, and the failure rate is dependent on the tool life and 
condition of machining. For each tool, reliability is defined according to tool work time and 
machining conditions, and then dynamic programming algorithm has been used to determine the 
optimal time to replace the tool subject to tools reliability. The model used for reliability is as (3-2). 

                                                                   (3) ���� = ����
	
�������� 

In equation (3), reliability is a function of time and the machining conditions. And �, �	and�, 
respectively are speed, feed rate, depth of cut. T is machining time. α  and λ  are fixed parameters. 
Unknown parameters in this equation are calculated using the maximum likelihood method. 
Das et al. (2003) were introduced a Preventive Maintenance Planning Model to improve the 
performance of cellular manufacturing systems with regard to machine reliability and resource 
utilization. The model presented is based on an approach of a combination of cost and reliability. 
Colledani and Yemane (2013) have investigated the impact of the risks and potential losses due to the 
uncertainty of the available data to calculate the reliability of machines to design manufacturing 
systems. Lin and Chang (2012) have focused on the assessment of the reliability of performance of a 
production system with multiple product lines based on network analysis, and considered machine 
capacity due to the failure, partial failure or maintenance randomly. Han et al., (2006) have analyzed 
the reliability of flexible manufacturing cells using fuzzy fault tree, which is based on the triangular 
fuzzy membership function. Das and Abdul-Kader (2011) have provided a multi-objective integer 



21 

 

programming model to design a cellular manufacturing system, so that, remains optimal for the entire 
multi-period planning horizon, taking into account dynamic changes in part demand and machine 
reliability. Sakhaei et al., (2016) have developed a robust optimization approach to solving a linear 
mixed-integer programming model to solve the dynamic cellular production system with unreliable 
machines and production planning problem at the same time. The proposed model includes dynamic 
cell configuration, the movement between cells, machines reliability, operators allocation, multiple 
operating routes and concepts of into the production planning, which aim of this study is to minimize 
the costs of downtime and relocation of equipment, training and hire the operators, shortage and 
inventory. You and Pham [26], have discussed the reliability estimation of the CNC system based on 
the collected field failure data from a manufacturing factory using the maximum likelihood estimate 
(MLE) and uniform minimum variance estimate (UMVUE) methods. Also, they have proposed the 
confidence intervals of the mean residual lifetime and reliability function. Makis (1995) has presented 
a probability model to compare the performance of reliable manufacturing cells and a manufacturing 
cell that doesn't have a hundred percent reliability. Cell includes a machine, a robot for moving parts 
and pallets for components. Failure rate is a constant for the robot and machine in the event that there 
is not one hundred percent reliability. The time between two failures is an exponential distribution 
with a fixed rate. Wang et al. (2001) have proposed a new method for calculating reliability tools. 
Log-normal and Weibull distribution are studied to calculate reliability, and finally, a new model is 
introduced which introduces the relationship between failure rate and reliability. Factors related to 
geometric features of the tool and the work part, and processing factor is considered in this model. 
The equation (4) is provided to calculate the reliability. 
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   In this equation, 0A and 1A , are the factors related to the intrinsic properties of tools and machining 

conditions. The results show that calculation by this model is easier log-normal distribution. It is 
noteworthy that, mean time to failure is more sensitive than the processing time. In other words, the 
machining conditions have a greater impact on tool failure. Rodriguez and Souza (2010) have 
provided a model based on the concepts of reliability where critical tools are identified, and time of 
switching for them is specified based on reliability defined. A Weibull statistical distribution is 
defined for drilling tool wear, and reliability of drilling process is modeled. In fact, the reliability of a 
series of operations is considered, and after doing any work, system reliability is calculated. If this 
amount is less than the minimum defined, the job with the highest reliability has been detected, and 
tools used in it are replaced. Wang et al. (2013) have discussed how to calculate tools reliability, if 
with increasing time the tool failure rate increases, then log-normal distribution can be used. 

3- Problem Definition 
   This study is aimed to minimize the number of tool switches in a flexible manufacturing cell with 
single machine. Weibull distribution is used to calculate tools reliability, which is a function of time 
for processing parts. 

3-1- Assumptions 
Assumptions of the problem are as follows. 

1. Parts are always available in the flexible cell input and there is the evacuated space to drain 
them at output. 

2. Machine used in flexible cells studied is CNC. 
3. Jobs are already known, and a subset of the tools needed to do each job is fixed. 
4. A machine at a given moment can't do more than one part. 
5. Cell studied has process and operations flexibility properties, namely the availability of the 

necessary tools in the tool magazine and machine is able to process multiple operations. 
6. There is always C tools in machine tool magazine with limited capacity. 
7. Each tool allocates a part of the machine tool magazine to itself. 
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8. Machine is equipped with tool magazine which includes all the necessary tools to process a 
part. 

9. Tool reliability is a function of time for use of tool. The replacement time of tool is significant 
compared to machining time. 

3-2- Mathematical model 
The notation used in the mathematical model is as follows: 
 
3-2-1 Indices 
i is the index related to tools ( 1,2,...,i m= ) and j is the index related to parts are the same jobs 

 ( 1,2,...,j n= ) and k is the index related to stage or position in the sequence ( 1,2,...,k n= ). 
 
3-2-2-Parameters 
C indicates tool magazine capacity.nis the number of parts (jobs) which are ready for processing. m
is total number of tools needed to process all the parts. A is a zero andm n×  matrix, each column 

represents tools needed for production and processing of that part. { }1,...,nN n= is a set of part. 

{ }1,...,mN m= is a set of all tools. ia is the cost of tool i. jb is the price of part j. d is machining 

cost per unit of time. ijT is machining time of jth part by the tool i. E is the cost of tool switching.α  

and	� are parameters of the Weibull distribution. 
 
3-2-3-Variables 

jkx is equal to one, if the part j is placed in stage k in the entry sequence, and otherwise is zero.iky

is equal to one, if the tool i at the start of the stage k in the tool magazine, and otherwise is zero.ikF

indicates the need of part of k th stage to tool i, and is equal to one, if the job of k th stage needs to 
tool i, otherwise it is zero.TikG is cost of machining of a piece is assigned to the k th stage to tool i. ikp

is equal to 1, if the tool i at the beginning of k th stage is replaced with new tools. ikR is ith tools 

reliability at the beginning k th stage. ikh is zero and one variable, and when is equal to 1, which tool i 

be replaced at the beginning of the k th stage. ikTS is total time for the use of the tool i as long as the 

k th stage begins. According to the assumptions and variables and defined parameters, mathematical 
model of the problem is defined as follows. 
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   Equation (5) is the objective function, and minimizes the total cost of the tool switching and 
machining. Constraint (6) and (7) ensure that each part is assigned to only one stage, and at every 
step, just a part is processed. Constraint (8) ensures that, at any stage, the number of tools on the 
machine does not exceed the capacity of the tool magazine. Constraint (9) shows that, at every stage, 
all the necessary tools to process the part assigned must be on the machine. Constraint (10) calculates 
the machining time of part which is assigned to k th stage by tool i. Constraint (11) calculates the 
price assigned to k th stage. Constraint (13), calculates the cost of using the tool for the next step or 
the cost of using the new tools. Two things may be happened: Tools is replaced, and do the job of the 
next stage, or tools are not replaced, and do the job of the next stage. Constraint (14) indicates how to 
calculate the cost of processing at the beginning of the first stage. Constraint(15), ensures that 
decision-making about replacing worn tools i by new tool at the beginning of thek th stage is provided 
that the job assigned to the k th stage needs the tools i, otherwise, switching of ith tool by new tools is 
not significant. Constraint (16) shows that, at any stage, if there is a tool on the machine that wasn't 
before, one tool switching is necessary. Constraint (17), shows how to calculate the duration of using 
each tool at the start of each stage which depends on whether or not to replace at the previous steps. 
Constraint (18), shows how to calculate tools reliability for each step due to the time of the use of 
tools until beginning of that stage. As previously mentioned, in this constraint, α and β  are 
parameters related to the Weibull distribution. Constraint (19) and (20) indicate setting the initial 
parameters. And constraint (21) shows the allowed values of variables. 

 
4- Problem-solving approach 
   As mentioned in the literature, the problem of minimizing the number of tool switches when the 
tool magazine capacity is more than 2, is NP-hard (Gray et al., 1993). Clearly, this problem will be 
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more complicated subject to tools reliability. Therefore, to solve the problem with medium and large 
size, genetic algorithm is used. 

4-1- Genetic Algorithm (GA) 
   Overall genetic algorithm flowchart is shown in figure 1. Steps of algorithm are described in detail 
as follows. 
 

Figure1. General flowchart of GA algorithm 

 

4-1-1- Create an initial population 
   Usually the approach used to create the initial population in genetic algorithms is creating random 
solutions to the number of population. In the problem studied, initial population with number of
Psizeis created, which according to the results of trial and error, the best value for this number is 
equal to 60. 
 
4-1-2- Evaluation (fitness) 
   In the present study, for a solution obtained, the number of tool switches is considered, as well as, 
the time needed to replace worn tools by new tools are determined, then the total cost of machining 
and tool switching as objective function value of obtained solution, is considered. The exponential 
function is used to convert to the objective function into the maximizing problem, and fitness of a 
solution is obtained as equation (22). 

i
if e φ−=  

(22)   

In this equation, iφ is the objective function value obtained from the solution i, and if is the fitness 

value obtained for the solution i. 
 
4-1-3- Selection 
   There are many ways to choose, which one of the common methods is roulette wheel selection, 
which has been used for mentioned problem. This method was first suggested by Holland, and is one 
of the appropriate methods of random choices, and original idea is the probability of selection. The 
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probability of selection corresponding to each chromosome is calculated on the basis of its fitness. If 

kf is the fitness value of kth chromosomes, its probability of being selected is as follows: 

(23)  
1

n

k k i
i

p f f
=

= ∑  

Now, chromosomes are sorted based on kp , and kq that is the cumulative value of kp  is obtained as 

follows (24). 

(24)  
1

k

k i
i

q p
=

=∑  

 

4-1-4- Crossover 
   The most important genetic operator in the genetic algorithms is crossover operator. Single-point 
method, which is used for the problem studied, is briefly described. 
In single-point method, two chromosomes are combined by random selection like P. P is a value less 
than or equal to the length of the chromosome. If N is the number of genes in chromosomes, using 
two parent chromosomes, two children are generated as follows. A child is generated by copying the 
genes 1 to P-1 from first parent chromosome and genes P to N are generated by the second parent 
chromosome. Second child, similarly, is generated by copying genes P 1 to P-1 from the second 
parent and genes P to N are generated by the first parent. 
 
4-1-5- Mutation 
   Mutation is another operator that provides other solutions, and makes search in the intact spaces of 
problem. For the problem studied, three types of mutation operator are used and one of them is chosen 
randomly in iterations. 
 
4-1-6- Swap mutation 
   In this case, random two points are selected from a chromosome, and they are replaced with each 
other. 
 
4-1-7- Reverse mutation 
   In this mutation, first two random points of a chromosome are selected, and then the sequence of 
jobs between these two points is reversed. 
 
4-1-8- Insertion mutation 
   In this case, after selecting two random points of the chromosome, the site of the first point selected 
is transferred to after the second selected point site.  
 
5- Some examples and parameter settings 
   In this section, how to set the parameters is developed in the meta-heuristic algorithm and some 
problems as example are presented, and then the performance of exact solution software to solve the 
mathematical model proposed is evaluated using Genetic Algorithm, and the results are provided. 
The proposed algorithm is performed in software environment MATLAB and using a laptop with a 
3.2 GHz CPU and 4 GB memory. Also, the mathematical model encoded in GAMS and solved. Due 
to the fact that the mathematical model presented is a non-linear model, in the software GAMS, the 
solver BARON is used to solve the model, it is one of the best nonlinear models' solvers. This work 
was conducted to evaluate the model. Some examples with the number of 4 to 80 jobs is generated 
and investigated. Studying the Amaya et al. (2010), some problems as example in small, medium and 
large sizes were classified. These categories are summarized in Table 4-1. It should be noted that, the 
number of 5 examples has been provided for each case. 
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Table 1. Different types of problems 

Number of jobs The size of the problem 

4-5-7-8-10 
15-20-30 
40-60-80 

Small 
Medium 
Large 

 
   According to research conducted by Wang et al. (2001), Weibull distribution as the equation (25) is 
used to define the tool reliability. 

)25(  ( )/t
R e

βα −  =  

In equation (25), parameterα is equal to 90, and the parameter β is equal to 3. Of course, this setting 
parameters is so that, even on smaller issues, spare tools is required(Speed of reduction in tool 
reliability after processing each job must be so that, for example, after processing 2 or 3 jobs by tools, 
we have to replace tools), and performance of the mathematical model should be evaluated. 
Machining times are in seconds, and have a uniform distribution between [20, 35].Price of each tool is 
selected from uniform interval [10,20] and price of each part is selected from the interval [400,600]. 
Machining cost per unit is equal to 5 and the cost of any tool switching is equal to 50.The number of 
tools required for each part has been selected randomly and from the uniform range 1 to a maximum 
tool magazine capacity. Due to its importance, parameters setting for the performance of algorithms, 
after solving many examples and studies, and data from trial and error, genetic algorithms parameters 
are shown in Table 2. 

Table 2. Parameters setting for genetic algorithm 

Genetic Algorithm 
3000 Max it−  
60 Psize 
0.7 Pc 
0.2 Pm 

   Also, the time needed to solve the problems in small, medium and large sizes, respectively 200, 500 
and 1000 seconds is considered. 

5-1- The computational results 
   Given that, this model is a non-linear model, and that time needed for solving mathematical model 
using GAMS software is too long, in a way, that even in small and close to the medium sizes, the 
problem doesn't provide solution in a reasonable time, first, at the small sizes, the performance of the 
algorithm is compared with solution of the GAMS software to ensure the validity of the algorithm and 
mathematical models presented in the previous section. Maximum running time for the GAMS 
software is intended 7200 seconds. As long as the GAMS software obtains an optimal solution before 
the maximum time (7200 seconds) intended for implementing it, the solution obtained from the 
software is considered as the optimal solution, and to compare the performance of genetic algorithm, 
the average time to converging to the solution obtained from GAMS is considered, and in fact, the 
time needed to reach the algorithm's solution to the optimal solution is considered as criterion for 
comparing the performance of algorithm with GAMS exact solution. Of course, this time for GA 
algorithm is obtained from implementation of the algorithm for 10 times. Therefore, for a problem 
with small size, which there is their optimal solution, stop condition is to achieve optimum solution 
derived from the exact solution of the problem. However, in the case that GAMS software isn't able to 
solve the problem before the maximum time defined, stop condition for the algorithm is the same 
defined time for small problems (200 seconds), and then, the average quality of the solutions obtained 
from 10 times running algorithm. 
   First, to understand the problem, an example is presented of the small size including all input 
parameters, and the results have been investigated by GAMS and algorithm presented. The problem 
has 4 jobs, 5 tools and tool magazine capacity is equal to 3. The price of tools is presented in Table 
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3and the price of the parts is shown in Table 4. Requirements Matrix and machining time Matrix are 
shown in tables 5 and 6, respectively. 

Table 3. The price of tools for the example given  

5 4 3 2 1 Tool 

17 12 18 10 12 Price 

Table 4. The price of part for the example given 

4 3 2 1 Piece 

499 424 599 409 Price 

Table 5. Tool Requirements Matrix for the example given 

  Part    

4 3 2 1   

0 1 1 1 1  

1 0 1 0 2 Tool 

1 1 0 0 3  

0 0 0 1 4  

0 1 0 1 5  

Table 6. Machining times Matrix, for the example given 

  Part    

      

4 3 2 1   

0 26 24 24 1  

28 0 20 0 2 Tool 

24 25 0 0 3  

0 0 0 35 4  

0 33 0 34 5  

  After solving the example by the software GAMS, and metaheuristic algorithm presented, software 
GAMS after 10 seconds has provided the optimal solution, which is equal to 1540. Genetic algorithm 
has been implemented to solve this example for 10 times. Genetic algorithm on average in 3.0 
seconds has converged to the optimum solution. So we can say that the performance of the algorithm 
is better than software GAMS. 
   The results of the comparison of GA algorithm and software GAMS for the problem with the small 
size is shown in Table 7. To report the results, each problem is defined as m n c∗ ∗ , where m  
represents the number of jobs (parts), n represents the total number of necessary tools and c is tool 
magazine capacity. 
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Table 7. Comparison of the results of GA and GAMS for small-sized problems 
GA GAMS 

Example 
Problem 
m n c∗ ∗  

 
Time Objective 

function 
 Time Objective 

function 
0.4 
0.2 
0.4 
0.3 
0.2 

1851 
1917 
1614 
1540 
1518 

 15 
15 
3 
10 
18 

1851 
1917 
1614 
1540 
1518 

1 
2 
3 
4 
5 

3 * 5 * 4 

2.0 
2.0 
3/0 
2.0 
7/0 

2452 
2103 
2392 
2039 
2206 

 

27 
30 
25 
33 
40 

2452 
2103 
2392 
2039 
2206 

1 
2 
3 
4 
5 

4 * 7 * 4 

200 
200 
200 
200 
200 

5693 
4175 
5195 
5546 
5382 

 7200 
7200 
7200 
7200 
7200 

without solution 
without solution 
without solution 
without solution 
without solution 

 

1 
2 
3 
4 
5 

5 * 9 * 8 

   As is clear from the results in Table 7, the model has 8 by GAMS for work, for none of the 
examples do not provide an answer at the time of 7200 seconds. As a result, GAMS for solving 
mathematical model by more than 7 in sample size issues produced, not possible. Therefore, sample 
problems to solve in software GAMS maximum of 7 because it was observed that by solving different 
examples; the exact solution of problems, up to 7 seconds to conclude in 7200, and for larger sizes do 
not provide an answer. On the other hand, as can be seen, the algorithm presented has better 
performance than the mathematical model, and in less time, provides a similar or better solution than 
the mathematical model. 
   To compare the performance of GA algorithm in small, medium and large sizes, the results of 
solving problems are presented in Tables 8, 9 and 10. 
Because, algorithm performance was evaluated in sizes less than 7 jobs, in this case, the small size is 
defined 7 to 10. 
   As noted, the solution time for the problems with the small, medium and large sizes, is considered 
respectively 200, 500 and 1000 seconds, and also the results for each example are obtained from the 
algorithm implementation for 10 times. To resolve any of the problems, values of minimum, average 
and maximum of objective function obtained from the algorithm are obtained, and compared with 
each other. Stop condition for algorithm is the maximum number of repetitions or time defined for 
problem solving. 

Table 8. Results of GA for problems with small size  

GA 
Example Problem 

Time Maximum Average Minimum 

200 
200 
200 
200 
200 

4726 
4946 
4714 
4596 
4131 

4726 
4946 
4714 
4596 
4131 

4726 
4946 
4714 
4596 
4131 

1 
2 
3 
4 
5 

5 * 8 * 7 

200 
200 
200 
200 
200 

7954 
7962 
7918 
7875 
7860 

7936 
7949 
7909 
7858 
7821 

7921 
7931 
7899 
7842 
7793 

1 
2 
3 
4 
5 

6 * 9 * 10 
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Table 9. Results of GA for problems with medium size 

GA 
Example problem 

Maximum Average Minimum 

14345 
15891 
16249 
15852 
14735 

14452 
16007 
16433 
15943 
14812 

14411 
15944 
16393 
15912 
14799 

14378 
15895 
16310 
15894 
14770 

1 
2 
3 
4 
5 

7 * 12 * 15 

17712 
17711 
18504 
19242 
18074 

17982 
17858 
18758 
19560 
18231 

17830 
17791 
18682 
19344 
18154 

17730 
17739 
18619 
19242 
18111 

1 
2 
3 
4 
5 

8 * 20 * 15 

48355 
46 399 
46 757 
47019 
47031 

48821 
46839 
47 004 
47347 
47 514 

48701 
46 774 
46936 
47 154 
47407 

48450 
46 736 
46 841 
46 871 
47304 

1 
2 
3 
4 
5 

10 * 25 * 30 

Table 10. Results of GA for problems with large size 

GA 
Example Problem 

Maximum Average Minimum 

88,971 
90 343 
88 320 
91 929 
90 132 

88345 
90 172 
88,012 
91 461 
89,772 

87423 
89,779 
87,791 
91 252 
89600 

1 
2 
3 
4 
5 

15 * 30 * 40 

194 794 
195 336 
193 709 
191 901 
194 198 

194 668 
195 044 
193 282 
191 483 
193 564 

194 286 
194 664 
192 919 
191 086 
192 900 

1 
2 
3 
4 
5 

20 * 50 * 60 

239 006 
244 546 
240 223 
240 832 
241 234 

238 544 
244 093 
239 710 
240 139 
239 065 

238 216 
243 579 
239 479 
239 640 
238 945 

1 
2 
3 
4 
5 

20 * 40 * 80 

   According to the results, it is observed that due to the complexity of the problem, mathematical 
models are able to find an optimal solution in a reasonable time only for problems with small size and 
don't have good performance to solve the problem in medium and large sizes. As it is clear from the 
results of Table 7, genetic algorithm act faster than mathematical model proposed. Since, large-scale 
problem is concerned, it is more important. 

6- Conclusion 
   This study is aimed to minimize the number of tool switches in flexible manufacturing cells subject 
to the tools reliability. Tool reliability is studied as a parameter affecting this issue. The aim is to 
determine the sequence of jobs (the parts that processing should be applied on them), so that the cost 
of tool switching and machining is minimized. A flexible machine is considered, and the machine has 
tool magazine with limited capacity. Some parts are ready to be processed by the machine. Tool 
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requirements matrix for each part is determined, and the total number of tools needed to process all 
parts is more than the tool magazine capacity of the machine. 
   First, a mathematical model is proposed to solve the problem, and since the problem is NP-hard, 
genetic meta-heuristic algorithm is used to solve the problem. Also, the algorithm KTNS is used to 
minimize the number of tool switches in a specified sequence. 
Genetic algorithm uses a set of basic solution to solve the problem, the size of this set for the problem 
is constant and considered equal to 60. In each iteration and each size of the problem, the initial 
population is fixed. In other words, by increasing the size of the problem, the number of initial 
population does not change. 
   According to the specifications mentioned for genetic and according to the results, we can say that, 
in general, genetic algorithm has good performance to solve the problem presented in a reasonable 
time. Given the machining conditions, and its impact on tools reliability, and in consideration of this 
issue in the proposed model could be a good subject for further research. Most studies have used 
similar assumptions to minimize the number of tool switches. Therefore, having tools with different 
size can be proposed as a new assumption for future studies. Due to the complexity of the problem 
and the quality of the solutions obtained from the GA algorithm, other algorithms can be offered for 
problem solving or so, the efficiency of the proposed algorithm can be increased. 
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