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 This study introduces the implementation of fuzzy set theory to solve machine layout design 
issues, in order to handle vague information, using a genetic algorithm with tournament 
selection as the selection operator. The material handling inputs, including frequency and 
volume of materials that move between machines, were the parameters regarded as fuzzy 
numbers. The experimental results came from 2 case studies in a manufacturing system. In 
the first case, examining the difference in shapes of the triangular membership functions of 
input data, the total distances were reduced from 38.45 m to 29.72 m, a 22.71% reduction 
in distance. In the second case, examining the uncertainty of fuzzy data by an expert, the 
total distances were reduced from 103.45 m to 82.45 m, a 20.03% reduction in distance. It 
was found that given the uncertainty in input data, a shorter total material handling 
distance might not give a lower cost. The selection operator of tournament selection can 
compete effectively to converge to near the optimum solution. This can, therefore, be an 
alternative technique in managing manufacture. 
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1. Introduction   

Facility layout design plays a large part in business 
competition. Facilities can be machines, workstations, 
construction sites or departments, depending on the type of 
business. Costs can be reduced by having an appropriate layout. 
However, it is a complex problem. One of the essential goals of the 
design is to minimize total material handling costs, which are 
affected by many factors, such as types of materials, processing 
and production flow. Especially in the manufacturing industries, 
some produce not just one product but a variety of goods.  

Moreover, in reality, the factors that affect material handling 
costs are vague and fuzzy. In a manufacturing system, they are 
dependent generally on the seasons, product variety and business 
growth. In order to engage with this ambiguity, there are levels of 
the vagueness of information, and the decision is usually made 
under uncertainty [1]. Fuzzy sets theory is a suitable concept to 
deal with this situation [2-6]. Therefore, this paper extends the 
research to understand the effects when the values in fuzzy sets are 
predictable and if they are extremely vague. 

In many manufacturing industries, there can be several 
products manufactured in a factory, and each product can have 
different routes through machines or workstations. Production 
efficiency depends highly on this kind of problem in production 

planning [7]. Production costs can be reduced by 10–30% when 
the facility layout is more effective [8]. Shorter handling distances 
of materials’ flow between workstations are required for faster 
transfer times within a factory floor. 

The inputs necessary to design a facility layout for an actual 
production system are usually imprecise. Besides, the issue is 
considered a complicated situation because of the choice of 
products, materials, processes and other factors involved with the 
business. These factors are also time-dependent, such as customer 
orders and product growth, so the cost of material handling 
between machines usually changes. Different methods [9-12] have 
been presented for solving these kinds of problems; however, 
uncertain and ambiguous data inputs have been paid little attention 
[13]. Therefore, the fuzzy set theory is applied in this paper.   

Many researchers have proposed different ways to solve this 
complex problem. In choosing the solution, the aim should be to 
achieve maximum efficiency, and there should be a simple method 
for finding the answer. Drira, et al. [14] gathered techniques and 
methods used for solving machine layout problems. Several 
methods can be used in the analysis of these problems, such as 
branch and bound, dynamic programming, simulated annealing, 
tabu search, genetic algorithms, ant colony, intelligence methods. 

To find a solution with accurate answers to a complex problem, 
the costs of solving are very high [15]. Thus, it is better, rather, to 
have a method that can solve the vague problem obtaining an 
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acceptable answer with less time and cost than that with high 
accuracy and high cost. Since mathematical modeling techniques 
used to solve the facility layout design problem are complicated, 
challenging, and time-consuming, the issues require a powerful 
technique [5]. 

For the problems of machine layout design, the genetic 
algorithm is one popular method for finding answers, or 
approximate answers [16]. The Simple Genetic Algorithm (SGA) 
applies the principle of evolution and natural selection, by which 
the best individuals are selected to generate answers for the next 
generation. To calculate the answer by SGA is fundamental to 
solving the optimization problem. Many studies adopting this 
method have been released [14].  

Conventionally, Genetic Algorithm (GA) includes these steps: 
generate an initial population, select high potential chromosomes 
to be parents, crossover and mutate parents’ chromosomes to 
produce offspring chromosomes. Since there are a couple of 
genetic operators used in GA steps, improving the results fulfilling 
genuine applications can be achieved by adopting some of these 
operators (see [17-19] and [20]). The action of selecting high 
potential chromosomes to be parents called the selection process is 
the operation that has been broadly studied. Tournament Selection 
(TOS) and Roulette Wheel Selection (RWS) are general ways for 
making a selection. It was suggested that TOS is more effective 
than RWS [21-23]; the consequence is that a reasonable answer 
can be reached faster. 

The research of Vitayasak [24] on fuzzy methods is interesting. 
The fuzzy approach can help manage uncertainty in practice, 
which may arise from a lack of information, not having enough 
data for the application, or the data not yet being available [25]. 
The experience of experts in reasoning or decision making in the 
human situation can help analysis and help manage uncertainty. 
The fuzzy theory is a theory of uncertain boundaries. Currently, it 
is widely used in the study of problems containing uncertain 
information [26]. 

 It is important for machine layout design decision making and 
an efficient way to deal with inaccurate and vague information. 
Kritwattanakorn, et al. [27] used the RWS method for the selection 
approach in GA and suggested not to apply mutation for machine 
layout problems. However, based on the suggestions given by 
some research [21-23], the TOS method seems to be superior in 
finding a solution qualitatively (for instance, minimizing the total 
material handling cost) and obtain answers faster and closer to the 
optimum. In our paper presented initially to a conference [28], we 
related to the research of Kritwattanakorn, et al. [27] that not to 
apply mutation, used TOS for selection, and showed how to deal 
with the vagueness of information and assist solving problems 
taken from earlier research works [25, 26]. Our proposed method 
performed corresponding to the work presented by  Jinghui, et al. 
[21] that using TOS is competitive in terms of solution quality and 
achieving minimization faster. 

 However, realistically, there are also levels of the vagueness of 
information. To understand the effects when the values in fuzzy 
sets are predictable and if they are extremely vague, in this study, 
the tournament method was used in the selection process for the 
genetic algorithms solving the machine layout problem. Material 
handling information was considered employing fuzzy 

uncertainty. An original layout and new layouts constructed from 
three GA based approaches were compared for 2 case studies. The 
first was the case where fuzzy information was thought 
predictable, examining different forms of skewed shapes. In the 
second case, the fuzzy data was obtained from a process expert in 
a new factory when asked to give the possible values for each 
variable. Thus the fuzzy sets were utterly formless. Every approach 
in the study was programmed and run with Visual Basic for 
Applications in Microsoft Excel for determining the layout, 
distance, and cost. 

2. Methods 

 The fitness function, which is a particular type of objective 
function, is required for the GA algorithm to execute optimization. 
In this paper, the objective (1) is to minimize the total costs of 
material handling. This objective has been chosen by many 
researchers [29-31] in determining facility layouts. The function 
can be written as 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑧𝑧𝑒𝑒 𝐶𝐶 = ∑ ∑ 𝑓𝑓𝑖𝑖𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖𝑑𝑑𝑖𝑖𝑖𝑖𝑀𝑀
𝑖𝑖=1,𝑖𝑖≠𝑖𝑖

𝑀𝑀
𝑖𝑖=1     (1) 

𝑓𝑓𝑖𝑖𝑖𝑖 =  Fij ×  Vij   (2) 

where C represents the total cost of the material handling 
system. 

 𝑓𝑓𝑖𝑖𝑖𝑖 is the flow of materials in the production system. 

 𝑐𝑐𝑖𝑖𝑖𝑖  is the unit cost of material handling between 
machines i and j. 

 𝑑𝑑𝑖𝑖𝑖𝑖  is the rectilinear distance between the centroids 
of machines i and j (see for instance Fig. 1, where 
the distance between machines B to E is 
equivalent to ∆𝑥𝑥 + ∆𝑦𝑦 ). 

 M is the total number of machines. 

 𝐹𝐹𝑖𝑖𝑖𝑖 

𝑉𝑉𝑖𝑖𝑖𝑖 

is the frequency flow between machines i and j. 

is the volume flow between machines i and j. 

  

 In the calculation, minimize C is the objective, the variables 
used in consideration in this paper, Cij and dij are considered as 
crisp numbers, and 𝑓𝑓𝑖𝑖𝑖𝑖 is information that is uncertain. 

In general, 𝑓𝑓𝑖𝑖𝑖𝑖 =  Fij ×  Vij . However, in this study the 
information was considered both as if it is fuzzy to compare with 
the conventional idea, and as if it is crisp. Thus, when the 
frequency and the volume of material flows are considered as 
fuzzy numbers, they will be represented as Fij′  and Vij′ , 
respectively, and the material handling flow as a fuzzy number is 
𝑓𝑓𝑖𝑖𝑖𝑖′  (3).  

Since the total cost, C , is a crisp number, 𝑓𝑓𝑖𝑖𝑖𝑖′  needs to be 
converted back to be an exact number. This method is called 
defuzzification, see (4).  

 𝑓𝑓𝑖𝑖𝑖𝑖′ = Fij′ ⨂Vij′     (3) 

Defuzzification(𝑓𝑓𝑖𝑖𝑖𝑖′ )  =  𝑓𝑓𝑖𝑖𝑖𝑖      (4) 

However, in some cases, the materials frequency and volume 
flow information are exact numbers, so they need to be converted 
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to a fuzzy number. This method is called fuzzification (5) when X 
is a number. 

𝐹𝐹𝐹𝐹𝑧𝑧𝑧𝑧𝑀𝑀𝑓𝑓𝑀𝑀𝑐𝑐𝐹𝐹𝐹𝐹𝑀𝑀𝐹𝐹𝑀𝑀(𝑋𝑋𝑖𝑖𝑖𝑖)  = 𝑋𝑋𝑖𝑖𝑖𝑖′       (5) 

The framework: 

• Data input: the data input includes the production routing 
of each product (𝑃𝑃𝐼𝐼 ,𝑃𝑃𝐼𝐼𝐼𝐼 ,𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼 …), number of machines (𝑁𝑁), 
sizes of machines (width,𝑤𝑤𝑛𝑛, and length, 𝑙𝑙𝑛𝑛), shop floor 
area (W is width and L is length), frequency of material 
flow per round (𝐹𝐹𝑖𝑖𝑖𝑖′ ), volume flow per unit (𝑉𝑉𝑖𝑖𝑖𝑖′ ), unit 
material handling cost between locations of machines (𝑐𝑐𝑖𝑖𝑖𝑖) 
and distance between machines (𝑑𝑑𝑖𝑖𝑖𝑖), population size (𝑣𝑣) 
and the number of generations to simulate (𝐺𝐺). 

• Step 1) Fuzzification: The uncertain flow frequency of 
materials, 𝑓𝑓𝑖𝑖𝑖𝑖which is the function of 𝐹𝐹𝑖𝑖𝑖𝑖  and 𝑉𝑉𝑖𝑖𝑖𝑖  , was 
converted to fuzzy numbers (𝑓𝑓𝑖𝑖𝑖𝑖′ ).  

• Step 2) Fuzzy computing: Fuzzy arithmetic was used.  
• Step 3) Defuzzification: In order for the next step 

following the GA approach, crisp numbers are essential 
for calculation. The fuzzy number 𝑓𝑓𝑖𝑖𝑖𝑖′  was required to be 
transformed into crisp numbers.  

• Step 4) Genetic algorithm: The sub-processes in the 
adapted GA are shown in Fig. 2.  

• Stop: The calculation stops when conditions are met as in 
Fig. 2. 

     

A B C D

E F G H

A) Process layout

A B C D E F G H

[A,B,C,…,H] 
B) Chromosomes of process layout

1 m

1 m 1 m
y

x

∆y

∆x
1 m

 
Figure 1: Chromosomes representation. 

 

Figure 2: The framework. 

2.1. Fuzzy number 

 Fuzzy numbers are the foundation of fuzzy set theory [2]. They 
are an extended form of real numbers that do not refer to one single 
value, but a set of possible crisp numbers. The fuzzy technique is 
used to represent data with uncertainties. 

2.1.1. The shape of membership: Triangular fuzzy numbers 
(TFNs), graphically represented as Fig. 3, are used in this research. 
They are suitable because of their computational advantages and 
commonly used for subjective description [6]. 

 

Figure 3: Triangular fuzzy number. 

The membership function of a TFN can be explained by: 

𝐙𝐙(𝐱𝐱) is the grade of membership, 

where  𝑍𝑍(𝑥𝑥) > 0     when  𝐹𝐹 < 𝑥𝑥 < 𝑐𝑐 

 𝑍𝑍(𝑥𝑥) = 0     when 𝑥𝑥 ≤ 𝐹𝐹 or 𝑥𝑥 ≥ 𝑐𝑐 

  𝑍𝑍(𝑥𝑥) = 1      when 𝑥𝑥 = 𝑏𝑏 “highest grade of 
membership at the modal value.” 

Therefore, 

a = the lowest possible value, 

b = the most likely possible value, 

c = the highest possible value in the fuzzy set. 

2.2.2. Fuzzification: First, it is necessary to convert the input 
information to fuzzy numbers and calculate them using fuzzy 
operators. For input data 𝐹𝐹𝑖𝑖𝑖𝑖 and 𝑉𝑉𝑖𝑖𝑖𝑖, the fuzzy sets of 𝐹𝐹𝑖𝑖𝑖𝑖′  and 𝑉𝑉𝑖𝑖𝑖𝑖′  are 

𝐹𝐹′ = [FL, FM, FH]   (6) 

𝑉𝑉′ = [VL, VM, VH]   (7) 

FL, FM and FH are the lowest, most likely, and highest possible 
values of the frequency flow and VL, VM  and VH are the lowest, 
most likely and highest possible values of the volume flow, and 
their grades of membership are between 0 and 1. If, for example, 
the total material flow frequency of all products is possibly 20 
times and the total material flow volume is approximately 5 units 
each time, the material flow F could be a set of numbers with the 
most likely value of 18 such as [16, 18, 19] as well as V could be 
[3, 5, 6]. 

2.1.3. Fuzzy arithmetic: The operations  [32] can be indicated by 

Fuzzy addition ⨁: 

F⨁V =  [FL + VL   ,   FM + VM   ,   FH + VH]          (8) 

Fuzzy multiplication ⨂: 

a 

Z 

1 

x 
0 

b c 

𝑦𝑦𝑚𝑚𝑚𝑚𝑚𝑚
= 𝑀𝑀𝐹𝐹𝑥𝑥 𝑙𝑙𝑖𝑖  𝑀𝑀𝑀𝑀 𝐹𝐹ℎ𝑒𝑒 𝑠𝑠𝐹𝐹𝑀𝑀𝑒𝑒 𝑟𝑟𝐹𝐹𝑤𝑤 

 𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚
= 𝑀𝑀𝐹𝐹𝑥𝑥 𝑤𝑤𝑖𝑖 𝑀𝑀𝑀𝑀 𝐹𝐹ℎ𝑒𝑒 𝑠𝑠𝐹𝐹𝑀𝑀𝑒𝑒 𝑐𝑐𝐹𝐹𝑙𝑙𝐹𝐹𝑀𝑀𝑀𝑀 

 𝑙𝑙𝑖𝑖 

  𝑤𝑤𝑖𝑖 

 

𝑦𝑦 1
,𝑀𝑀
𝐹𝐹𝑥𝑥

  

𝑥𝑥1,𝑀𝑀𝐹𝐹𝑥𝑥  
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F⨂V   =  [min (FLVL  , FLVH  , FHVL  , FHVH), FMVM ,
max (FLVL  , FLVH  , FHVL  , FHVH)] 

With the above example values 

 F⨂V   = �min(16 × 3, 16 × 6, 19 × 3, 19 × 6) , 18 × 5,
max(16 × 3, 16 × 6, 19 × 3, 19 × 6) � 

  = �min(48, 96, 57, 114) , 90,
max(48, 96, 57, 114) �  

   = [48, 90, 114] 

2.1.4. Defuzzification: Before entering the GA procedure, the 
fuzzy numbers for the material flow must be changed to crisp 
numbers using the fuzzy weight method [33]. 

𝑓𝑓𝑖𝑖𝑖𝑖 ≅ 𝑓𝑓𝑖𝑖𝑖𝑖′     (10) 

𝑓𝑓𝑖𝑖𝑖𝑖 ≅ ��� 0.5 × (𝐹𝐹 + 𝑐𝑐)� + 𝑏𝑏�/2�  (11) 

therefore,       𝑓𝑓𝑖𝑖𝑖𝑖 = ��� 0.5 × (48 + 114)� + 90�/2� 

        =85.5 

2.2. Genetic algorithm 

The objective function (1) is used in this paper to find the 
optimum value by applying the genetic algorithm. The suggested 
GA has been modified from the Simple Genetic Algorithm (SGA) 
[16]. It begins with an initial set of random solutions for the 
problem being considered. The set of these alternatives is called 
the population. The population’s individuals are called 
chromosomes. The objective function evaluates the results from 
the chromosomes. The chromosomes showing high potential is 
then carried out to be a part of the new generarion. In the crossover 
phase, a chromosome is chosen, along with the checking 
conditions, to produce the offspring. The details follow. 

2.2.1. Initialization: GA approach begins with creating an initial 
population, 𝒗𝒗. In our cases for solving machine layout problems, 
the genes represent the machines, and the chromosomes are for 
the layouts. Thus,  the initial population can be converted from 
the “prior to improvement” process layout, see Fig. 1 (B) for an 
example. 

2.2.2. Fitness evaluation: This is the procedure for assessing the 
chromosome’s value. The chromosome that is more likely to be 
selected for the reproduction process would be selected by taking 
the proportionate fitness into consideration. The objective 
function of the fitness function, as presented in (12), can be 
described by total distance, in order to minimize the total costs of 
the material handling in the machine design issue. 

Total distance: 𝑑𝑑𝑖𝑖𝑖𝑖 =  ∑𝑃𝑃𝐼𝐼 + 𝑃𝑃𝐼𝐼𝐼𝐼 + ⋯+ 𝑃𝑃𝑘𝑘   (12) 

Every material handling distance of product P is computed 
from the machine routing when each row or column of the 
machines is 1 m apart, as shown in Fig. 1. Assuming that there are 
3 products required to be manufacture in a plant, as shown in Table 
2, thus k=3. The machines have to be arranged on the floor plan to 
determine the total distance derived for a chromosome. The 
machines were arranged onto a certain floor area of W × L. The 
difference between the number of columns and rows of the 
machines was 1 at most. 

2.2.3. Selection: This step decides which chromosomes should be 
parents in the reproduction process to generate offspring for the 
next generation. 

Tournament selection (TOS): The simple tournament 
selection method [14] was used in this research. First, it divides 
the population into groups. Next, in each group, n chromosomes 
are randomly selected. The next generation of parents shall then 
be assigned from the chromosomes that make the most efficient 
solution in their groups. There were 2 groups in a tournament in 
this work. Each group had 3 chromosomes (n = 3), then the best 
chromosomes in each group were chosen as the next generation 
of parents.  

2.2.4. Crossover: A new solution, namely offspring, is created by 
the crossover process. In this work, a crossover point, as shown in 
Fig. 4, was randomly chosen. After the crossover process, 2 
conditions were checked. For condition 1, at least 2 pairs of 
machines in the chromosome must be operated side-by-side. For 
condition 2, after simulating the machines onto the shop floor 
area, and the new distance derived from the offspring must be 
reduced in comparison to the distance achieved by the layout of 
the parent.  

 
Figure 4: One point crossover process. 

2.2.5. Mutation: The mutation process is one in which genes are 
randomly selected and their positions in the chromosome are 
swapped to generate additional offspring. It is a traditional step in 
conventional GA. Kritwattanakorn et al. [27], however, proposed 
that the mutation should be disregarded in this kind of problem. 
They have found it produced machines positioned further away 
while they should be put side by side when considering routing 
and lastly produced poor outcomes. 

2.2.6. Stop:  The proposed GA procedure was looped until the 
given number of generations was met, see Fig. 2. 

3. Example 

Two layout problems were studied in this research. The 
details are as follows: 

• Case 1: This case uses original information from the 
manufacture of plywood furniture. There were 3 
products and 8 machines in the same shop floor area. 
Table 2 shows the production routing for each product. 
Table 3 exhibits the sizes of the machines. The material 
handling information was initially received as crisp 
numbers. 

• Case 2: This case studied a bus manufacturer. The fuzzy 
material handling information was given when their 

(9) 
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process experts were asked for the values in the fuzzy 
sets of material flow between machines. There were 12 
products and 8 machines. Table 4 shows the production 
routing of each product, and the machine sizes are shown 
in Table 5. 

Since GA is widely applied for solving machine layout 
problems, the layouts constructed by different approaches were 
compared as listed. A summary of GA based approaches is shown 
in Table 1. 

1. Initial layout (unknown approach) 
2. SGA [16] 
3. Modified GA with RWS and additional conditions 

(Kritwattanakorn et al. [27]) 
4. Modified GA with TOS and additional conditions 

(proposed approach)  
Table 1: Summary of GA based approaches. 

No Information Selection Crossover Mutation Special 
Conditions 

1 Crisp Unknown (Initial layout) 
2 Crisp RWS One point One point swap No 
3 Crisp RWS One point No Yes, see 2.2.4 
4 Fuzzy TOS One point No Yes, see 2.2.4 

 
Here the proposed GA approach used Thai Baht (32.50 THB = 

1 USD), the number of the initial population, v, was 10, and the 
number of generations, G, was 100 given to stop the loop. The 
machine layout design problems were solved using VBA in MS 
Excel running under Windows 8 OS, on an Intel (R) Core (TM) i7-
4500U 1.8GHz  Ram 4 GB device.  

Table 2: Products and production routing for case 1. 

Product Production Routing 
1 A-B-C-D 
2 A-E-F-G 
3 A-H 

Table 3: Sizes of the machines for case 1. 

Machine Dimensions 
Width (m) Length (m) 

A 2.00 2.00 
B 1.35 1.30 
C 1.30 1.25 
D 1.35 1.30 
E 1.22 1.25 
F 1.00 1.00 

G 1.22 1.25 

H 1.20 1.22 

4. Results and Discussion 

4.1. Case 1: When the level of fuzziness was considered 
predictable. 

In case 1, the costs from layouts exposed by the existing 
methods including: from the SGA method [16], the adapted GA 
that applied GA with RWS selection and without mutation [27], 
and the proposed method in this study using 6 different fuzzy data 
sets combined with the GA approach (Fig. 5). The case studies 
used various fuzzy set differences of 0%, 15%, 30%, and 50% 

fuzziness for the frequency flow and volume flow. The fuzzy set 
with the difference of 0% represents a crisp number. 

Table 4: Products and production routing for case 2. 

Product Production Routing 
1 A - F 
2 B - C 
3 A - F 
4 B - D 
5 A - G 
6 B - H 
7 A – G – H 
8 B – G – H 
9 A – E – F 
0 B – E – C 

11 A – E – F 
12 B – E – D 

Table 5: Sizes of the machines for case 2. 

Machine 
Dimensions 

Width (m) Length (m) 
A 1.20 1.50 
B 1.20 1.50 
C 1.70 1.50 
D 1.20 1.40 
E 1.50 1.20 
F 1.30 6.00 
G 1.20 1.00 
H 3.50 2.00 

 

 

Figure 5: Data sets representing fuzzy numbers. 

The results in Fig. 6 show that the total costs vary if the input 
information is uncertain or fuzzy. If there is the high difference 
between the lowest and highest possible values, the total costs 
increase or decrease considerably, such as for the right triangle 
skewed right (RR), the highest possible value gives a high total 
cost, but the lowest possible value gives a low total cost. The costs 
increase or decrease depending on the nature of the skew. If the 
input information is skewed fully to one side (such as RR and SR), 
it is likely to make the total costs higher, but if the input is skewed 
to the minimal side (such as RL and SL), it shows the opposite 
impact.  
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Table 6: Results of case 1 with different fuzzy types. 

Difference Fuzzy Type 𝐹𝐹′,  𝑉𝑉′ Total Cost 
(USD) 

0% a N [20, 20, 20], [5, 5, 5] 914.46 

 
 

15% 

S [18, 20, 22], [4, 5, 6] 923.61 
RL [17, 20, 20], [4, 5, 5] 841.30 
RR [20, 20, 23], [5, 5, 6] 1,001.34 
SL [18, 20, 21], [4, 5, 5] 861.88 
SR [19, 20, 22], [5, 5, 6] 976.19 

 
 

30% 

S [17, 20, 23], [4, 5, 6] 955.61 
RL [14, 20, 20], [3, 5, 5] 781.86 
RR [20, 20, 26], [5, 5, 7] 1,101.93 
SL [16, 20, 22], [3, 5, 6] 868.74 
SR [18, 20, 24], [4, 5, 7] 1,005.91 

 
 

50% 

S [15, 20, 25], [3, 5, 7] 960.18 
RL [10, 20, 20], [2, 5, 5] 731.57 
RR [20, 20, 30], [5, 5, 8] 1,234.52 
SL [13, 20, 23], [2, 5, 7] 884.74 
SR [17, 20, 27], [3, 5, 8] 1,067.63 

a. Crisp number 

 
Figure 6: The relationship between various fuzzy data sets and the total cost. 

From the findings of this case, it can be seen that the suggested 
technique shows total costs that increase or decrease depending 
on the flow of the material handling system in the production. 
These findings agree with the existing research works [9-12] that 
information is essential for making a decision on layout planning 
and design, and fuzzy sets is an appropriate idea in dealing with 
imprecise information [25, 26]. 

Table 6 shows the outcomes of the 4 different methods and 
their layouts for the machines are shown in Fig. 7. Table 6 
demonstrates the results of total costs and distances. Before 
arranging the layout, the total cost initially was 1,179 USD and 
the total distance was 38.45. The proposed method with a different 
variation of 15% in fuzzy data input (due to natural associated 
vagueness) has a total cost of 923.61 USD and a total distance of 
29.72 m. It can reduce the total cost by 21.66% and the distance 
by 22.71%. Both the traditional GA (SGA) method [16] and the 
Kritwattanakorn et al. method [27] give total costs and distances 
greater than the proposed method.  

Table 7: Comparison of the different approaches in case 1. 

Approach Total cost (USD) Total Distance (m) 
Unknown (initial layout) 1,179.00 38.45 
SGA 1,060.92 34.48 
Modified GA+RWS+Conditions 978.46 31.80 
Modified GA+TOS+Conditions * 923.61 29.72 

* Fuzziness at 15 % difference 

   
SGA Modified GA 

+RWS+Conditions 
Modified GA 

+TOS+Conditions 

Figure 7: Layouts of machines obtained using different methods for case 1. 

4.2. Case 2: When the level of fuzziness was extremely vague. 

In fact, the shape of fuzzy sets might not be specific. This 
study used a bus manufacturer as an example. They are a family 
run business. Machines were laid out based on the experience of 
the systems expert, not an analysis of manufacturing data. Table 
8 shows the frequency and volume of material transport between 
machines, by letting the expert respond what were the minimum, 
modal, and maximum values, as for the machine layout design 
input. 

Table 8: Fuzzy data input of case 2. 
Machine Frequency flow (𝑭𝑭′)  Volume flow  (𝑽𝑽′) 
M1-M5 [3, 10, 16] [5, 16, 22] 
M1-M6 [6, 8, 14] [7, 10, 24] 
M1-M7 [3, 4, 7] [8, 12, 18] 
M2-M3 [1, 1, 1] [0, 2, 2] 
M2-M4 [3, 6, 8] [6, 8, 14] 
M2-M5 [2, 2, 4] [7, 8, 13] 
M2-M8 [1, 3, 4] [1, 2, 2] 
M5-M3 [3, 6, 8] [6, 8, 14] 
M5-M6 [2, 2, 5] [6, 11, 15] 
M7-M8 [2, 2, 2] [3, 4, 6] 

 

Table 9 shows the results that the totals cost of material 
handling can be considerably lowered. The costs generated from 
the layouts obtained from the method described in this paper were 
compared competitively with the initial machine layout and 2 
existing methods. The machine layouts can be seen in Fig. 8. 
Table 9 compares the approaches. The total cost and the total 
distance before arranging being 84.22 USD and 103.10 m, 
respectively. The proposed method, with fuzzy data input 
acknowledged from the product experts, has a total cost and 
distance of 66.40 USD and 82.45 m, correspondingly. The total 
cost and distance can be reduced by 21.16% and 20.03%. 

Even if the total cost obtained from the proposed method was 
higher than SGA [16] and the method with RWS 
(Kritwattanakorn et al. method [27]), the total distance was the 
shortest. This emphasizes the effect of fuzziness of information 
on decision making. More attention should be paid to 
uncertainties of data. 

Table 9: Comparison of the different approaches in case 2 

Approach Total cost (USD) Total Distance (m) 
Unknown (initial layout) 84.22 103.10 
SGA 48.56 92.40 
Modified GA+RWS+Conditions 41.24 90.25 
Modified GA+TOS+Conditions  66.40 82.45 
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SGA Modified 

GA+RWS+Conditions 
Modified 

GA+TOS+Conditions 
Figure 8: Layouts of machines obtained using different methiods for case 2. 

5. Conclusion 
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