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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 
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1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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It is widely known that the assembly line balancing problem (ALBP) is an NP-hard optimization problem. Although different meta-heuristics 
have been proposed for solving this problem so far, there is no convincing support that what type of algorithms can perform more efficiently than 
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1. Introduction 

Assembly lines (ALs) are widely used in the lean production 
context to improve the manufacturing systems’ efficiency and 
to decrease the production per unit costs. The assembly line 
balancing problems (ALBPs) attempts to partition the tasks 
among the stations so that the precedence relationships among 
tasks are satisfied while one/more objective function(s) is/are 
optimized. ALBPs are categorized into two main areas in the 
literature [1]–[3], namely Simple ALBP (SALBP) and 
Generalized ALBPs (GALBP). The former deals with the 
simple ALBPS producing a single model of a product on a 
straight AL, while the latter considers more general problems 
that do not fit into the SALBP such as mixed-model, U-shaped, 
and two-sided ALBPs. 

Although there are many extensions of ALBPs to date, yet 
the SALBPs has gained the attention of many studies in the 
ALBP context [4], [5]. The SALBP is divided into three main 
categories in the literature [6]: (1) SALBP-1 which attempts to 
optimize the number of stations (𝑀𝑀) given the cycle time (𝐶𝐶𝐶𝐶) 
and (2) SALBP-2 which attempts to optimize the 𝐶𝐶𝐶𝐶 given the 

𝑀𝑀, and (3) SALBP-E which aims to minimize both of the 𝑀𝑀 
and 𝐶𝐶𝐶𝐶 or maximize the balance efficiency (𝐸𝐸). SALBP-1 is 
most widely studied problem among different types of SALBP 
[6]–[8]. On the other hand, since any type of SALBP belongs 
to NP-hard combinatorial optimization problems (COPs), there 
is a trend in the literature to propose different meta-heuristics to 
deal with them [9]. The most recent studies proposing meta-
heuristics for solving SALBP are reviewed as follows. For a 
comprehensive review of ALBPs, readers can refer to [10]–
[13].  

An improved immune algorithm was proposed by Zhang [6] 
with the ability to escape from the local optima to minimize the 
𝑀𝑀 and the smoothness index (𝑆𝑆𝑆𝑆). A new simplified way of 
calculating the similarity between the antibodies was also 
proposed. A modified ant colony optimization algorithm was 
suggested by Zhong and Ai [14] in which a new heuristic was 
proposed to help the ants in finding more favorable solutions. 
To further improve the local search capability of the algorithm, 
a few assignment schemes were also considered. The objectives 
considered were to minimize the 𝑀𝑀 , 𝐶𝐶𝐶𝐶 , and variation of 
workload. By hybridizing the immune algorithm and genetic 
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algorithm (GA), Zhang [6] proposed a hybrid algorithm to 
avoid the stagnation of the search in local optima. The 
objectives optimized were the number of stations and 𝑆𝑆𝑆𝑆. 

Although different meta-heuristics have been proposed in 
the literature, however, no general conclusion can be made 
regarding the superiority of a specific method over the others. 
In fact, no specific algorithm can outperform all other methods 
in addressing any COPs. Thus, when an algorithm outperforms 
other algorithms in a problem, it can only be said that it is more 
efficient than the others only for addressing the considered 
problem and specific instances.  

On the other hand, there is an efficient approach to find the 
most appropriate type of meta-heuristics to address any 
problem by analyzing the fitness landscape (shape of the 
solution space) of it. Using the landscape analysis, the topology 
of the local optima within the problem’s search space is 
determined so that one can design/choose an algorithm which 
behaves more efficient than the others. In addition, knowing 
about the problem search space can guide us towards selecting 
a meta-heuristic with more exploration (population-based) or 
more intensification (single-solution) or a mixture of both 
(hybrid algorithms) capabilities, to solve the considered 
problem.   

Since SALBP-1 has been considered as one of the most 
important decision problems both by academia and 
practitioners in the literature [6]–[8], this paper attempts to 
analyze its fitness landscape for the first time in the literature. 
In doing so, aside from the number of stations, the workload 
smoothness is also considered to be minimized as the secondary 
objectives. Moreover, based on the results of landscape 
analysis, a discussion about what type of meta-heuristics can 
perform better while addressing the considered SALBP-1 will 
be given.    

The remainder of this paper is organized as follows. In 
Section 2, a description of the considered problem is provided. 
Section 3, the landscape analysis of the problem is presented. 
Finally, the concluding remarks are outlined in Section 4.  

2. Problem description and formulation 

The simple assembly line balancing problem considered in 
this study arises when a new assembly line has to be designed. 
Given a cycle time (𝐶𝐶𝐶𝐶), SALBP-1 aims to partition the tasks 
represented by	𝑖𝑖 = {1,	2,… ,	𝑁𝑁} between a set of stations	𝑘𝑘 =
{1,	2,… ,	𝐾𝐾} arranged on a straight line so that the number of 
established stations is minimized. Each task is associated with 
a handling time denoted by 𝑡𝑡3. The total tasks’ times allocated 
to each station have to be less than the 𝐶𝐶𝐶𝐶. Since this study aims 
to deal with MO-SALBP1, another objective i.e. the 
smoothness index (𝑆𝑆𝑆𝑆 ) is identified to be minimized as the 
secondary objective. This objective seeks to determine how the 
workloads are equally distributed between the stations where a 
lower 𝑆𝑆𝑆𝑆 shows a better workload equalization.   

Due to production prerequisites, the tasks have to be 
processed according to a set of relationships among them, 
known as precedence relationship, which is usually shown by a 
precedence graph. An illustration of a sample precedence graph 
with 7 tasks is shown in Figure 1. In this Figure, the nodes 

indicate the tasks and the numbers above them show their 
associated processing times.  

 

Fig. 1. A sample of precedence graph with 7 tasks. 

2.1. Problem formulation  

The symbols applied in the problem formulation are 
outlined in Table 1. 

Table 1. Symbols used in the problem formulation. 

Notation  Definition  

𝑖𝑖, 𝑗𝑗:  Indices for tasks 𝑖𝑖, 𝑗𝑗 = 1,	2,… ,	𝑛𝑛;  
𝑘𝑘: Indices for stations 𝑘𝑘 = 1,	2,… ,	𝑚𝑚; 
𝑛𝑛: Number of tasks; 
𝑡𝑡3: Time of processing for task 𝑖𝑖; 
𝑆𝑆9: Set of tasks assigned to station 𝑘𝑘; 
𝑡𝑡(𝑆𝑆9): Time of station 𝑘𝑘;  
𝑃𝑃𝑃𝑃3>: Precedence matrix: ?1;   if task 𝑖𝑖 is the predecessor of task 𝑗𝑗

0; 																																														otherwise	; 

𝑚𝑚JKL: Maximum number of stations;   

𝑣𝑣39: ?1;  If task 𝑖𝑖 is assigned to station 𝑘𝑘	
0; 	                                 	otherwise 	; 

𝑤𝑤9: ?1;    If station 𝑘𝑘	is established
0; 	                        	otherwise 	; 

𝑀𝑀: Number of stations; 
𝑆𝑆𝑆𝑆: Smoothness index; 
 
The considered problem i.e., MO-SALBP-1 can be 

formulated by the following mathematical model: 
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Using Equation (1) the 𝑀𝑀 and the 𝑆𝑆𝑆𝑆, are considered to be 
optimized as the objective functions. By Equation (2) it is 
assured that each task is assigned to only one station. Equation 
(3) ensures that the station times do not exceed the given 𝐶𝐶𝐶𝐶. 
Moreover, Equation (3) guarantees that before the assignment 
of tasks to any station, it has been established before. Using 
Equation (4) the precedence relations between tasks are 
satisfied. The time of each station is calculated by Equation (5). 
Finally, Equation (6) determines the decision variables domain 
which is binary. 

3. Landscape analysis 

To be able to find a suitable meta-heuristic to address the 
considered problem, the search space of the problem instance 
should be investigated by the landscape analysis method. The 
landscape of a problem is characterized by solution 
representation, neighborhood, and objective function [15]. 
From a geographical point of view, by assuming the search 
space of the problem as a basic floor, the landscape of problem 
is comprised of plains, plateaus, valleys, cliffs, and etc. as 
shown in Table 2. 

Table 2. Different types of landscape and their geographical shape [15]. 

Landscape type Geographical shape of landscape 

Flat, plain  

Basin, valley 
 

Rugged, plain 

 

Rugged, valley 

 

 
Based on the properties of the problem landscape, some 

specific types of search methods can be more effective than the 
others in finding the (near) optimal solutions. Through 
calculating and analyzing the ruggedness and the distribution 
measures which are representative of the distribution of the 
local optimum over the problem landscape, the type of meta-
heuristics which can perform well in that context, can be 
confidently decided [16].  

To be able to perform the analysis of landscape on the 
considered problem, first, the main features of SALBP-1 which 
generate its landscape are described as follows. 

• Solution representation: There are two types of 
representation schemes in the ALBP literature i.e., task-
oriented and station-oriented representations abbreviated as 
TOR and SOR, respectively. Considering that the TOR has 
outperformed the SOR in the literature in terms of 
convergence rate and quality of solutions [17], in this study 
the TOR scheme is chosen for the representation of the 
SALBP-1 solutions.  

• Neighborhood operator: There are different neighborhood 
search operators in the ALBP literature which are basically 
dependent upon the chosen representation scheme. 
Considering the selected TOR for the solution 
representation, the following neighborhood generation 
operators are widely applied in the literature. Swap 
(swapping the content of two randomly chosen points on the 
solution representation), 𝑘𝑘-opt (swapping the content of 𝑘𝑘 
randomly chosen points), insertion (inserting of a random 
point into a new randomly chosen point), inversion (putting 
the contents between two randomly chosen points in the 
reverse order), and etc. In this study, for the analysis of 
landscape of the considered ALBP, the Swap operator is 
chosen as the neighborhood search scheme.      

• Objective function: Considering the SALBP-1 studied in 
this study with two considered objectives, the fitness (𝐹𝐹) of 
each individual solution is measured by Equation (7).  

          (7) 

where min(𝑀𝑀) and min(𝑆𝑆𝑆𝑆) are the minimums of 𝑀𝑀 and 𝑆𝑆𝑆𝑆 
found heretofore, respectively. Also, the max( 𝑀𝑀 ) and 
max(𝑆𝑆𝑆𝑆) are the maximums of 𝑀𝑀 and 𝑆𝑆𝑆𝑆  obtained so far, 
respectively. Since minimizing 𝑀𝑀 is often considered to be 
much more important than minimizing 𝑆𝑆𝑆𝑆 , it is assumed 
that	𝛼𝛼 ≫ 𝛽𝛽.  
  

In this paper for the first time in ALBP literature, an analysis of 
the landscape of SALBP-1 is performed on a medium-sized 
standard test problem which can be accessed in [18]. To this 
purpose, a typical local search algorithm namely Threshold 
Accepting is chosen as the neighborhood search algorithm to 
find the local optimum in the ALBP search space. In this 
algorithm, a deterministic acceptance function is defined by 
Equation (8) as follows.  

                            (8) 

where 𝑄𝑄3 is the threshold in 𝑖𝑖th iteration and ∆(𝑠𝑠, 𝑠𝑠V) computes 
the change in the objective value of current solution 𝑠𝑠 and the 
neighborhood solution 𝑠𝑠V. The detail of the threshold accepting 
algorithm is given in Figure 2. The number of generated 
neighborhoods in each iteration of this algorithm is given. The 
value of threshold 𝑄𝑄  is updated iteratively according to the 
annealing schedule until it reaches to zero. 

   
1 Input: Annealing threshold  
2 𝑆𝑆=𝑆𝑆W /generate the initial solution/ 
3 𝑄𝑄=𝑄𝑄XYZ /initial threshold/ 
4 Repeat 
5      Repeat/for a fixed threshold/ 
6            Generate a random neighborhood  𝑠𝑠V𝜖𝜖𝜖𝜖(𝑆𝑆)  
7            Calculate ∆𝐸𝐸 = 𝑓𝑓(𝑠𝑠V) − 𝑓𝑓(𝑠𝑠)   
8            If  ∆𝐸𝐸 ≤ 0, 𝑠𝑠 = 𝑠𝑠V /accept the neighbor solution/ 
9      Until a specific number of iteration is reached for each threshold 𝑄𝑄 
10    𝑄𝑄 = 𝑔𝑔(𝑄𝑄)/update the threshold 𝑄𝑄/ 
11 Until a stopping condition is reached /like 𝑄𝑄 ≤ 𝑄𝑄J3` / 
12 Report the best found solution  

Fig. 2. The threshold accepting algorithm. 

( )
( ) ( )

( )
( ) ( )

min min
max min max min
M M SI SI

F
M M SI SI

a b
æ ö æ ö- -

= +ç ÷ ç ÷ç ÷ ç ÷- -è ø è ø

1   ( , )
( ( , ))

0  .
i

i

if Q s s
P s s

OW
¢³ Dì¢D = í

î



 Amir Nourmohammadi  et al. / Procedia CIRP 81 (2019) 1248–1253 1251
4 Amir Nourmohammadia et al. / Procedia CIRP 00 (2019) 000–000 

A population of 500 uniformly found solutions of SALBP-
1, which are a permutation of integer numbers between 1 to 𝑁𝑁 
as the task priorities, is generated as the uniform initial solution 
named as 𝑈𝑈. Then, the threshold accepting algorithm is applied 
to each individual of population 𝑈𝑈, to find a local optimum for 
each of them. Accordingly, a population of local optimum is 
found named as 𝑂𝑂.  

The landscape analysis applies two types’ of statistical 
measures called distribution and correlation criteria. The 
distribution criteria indicate the spatial position (topology) of 
local optima over the problem search space and are divided to 
(1) distribution and (2) entropy. On the other hand, correlation 
criteria measure the ruggedness of the search space by 
analyzing the correlation between the solutions relative 
distances and their fitness functions which can be measured by 
(3) fitness distance correlation [16]. These measures are 
described as follows.  

3.1. Distribution  

Assuming a population of solutions as 	𝑃𝑃 , the average 
distance 𝑑𝑑𝑑𝑑𝑑𝑑(𝑃𝑃)  and the normalized average distance 
𝐷𝐷𝑑𝑑𝑑𝑑(𝑃𝑃)  are computed by Equations (9) and (10), 
respectively.  

                      (9)       

                            (10) 

where || computes the size of population 𝑃𝑃 and the diameter 
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑆𝑆) equals to the maximal distance among the individuals 
in population 𝑃𝑃  in the search space which is calculated by 
Equation (11).   

                    (11) 

in which the distance 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑑𝑑, 𝑑𝑑) is calculated as the number of 
different values between solutions 𝑑𝑑  and 𝑑𝑑 . Considering the 
solution representation in this study, 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑃𝑃) = 𝑁𝑁 − 1.  

The 𝐷𝐷𝑑𝑑𝑑𝑑(𝑃𝑃)  measures the distribution of solutions in 
population 	𝑃𝑃 . A small distribution measure shows a 
concentration of the solutions at a small area on the landscape.  

The ∆fJJ  measures the variation of the average distance 
between a population of uniform solutions 𝑈𝑈	and a population 
of local optima	𝑂𝑂 which is calculated by Equation (12).  

                         (12) 

Table 3, shows the results of distribution measures for the 
considered medium-sized SALBP-1.  

Table 3. Distribution measures for SALBP-1. 

P O dmm(U) Dmm(U) dmm(O) Dmm(O) ∆Dmm 
500 500 336.92 0.3329 337.9731 0.334 -0.0033043 

 
According to the results in Table 3, the relatively small 

values of 𝐷𝐷𝑑𝑑𝑑𝑑(𝑈𝑈)   and 𝐷𝐷𝑑𝑑𝑑𝑑(𝑂𝑂)  specify that there is a 

concentration of the local optima in a small region of the 
landscape for population	𝑂𝑂. 

3.2. Entropy  

The entropy concept is about the diversity of a population in 
the problem landscape. A weak entropy specifies that the 
solutions are regularly distributed in the search space, while a 
high entropy, on the contrary, implies that the solutions are 
irregularly scattered [16]. Considering the ALBP solution 
representation, the following entropy indicator calculated by 
Equation (13) is applied in this study. 

     (13)  

where 𝑛𝑛3> is the number of times the task priority 𝑑𝑑 is assigned 
to position 𝑗𝑗  in population 	𝑃𝑃 . After applying the threshold 
accepting algorithm, the entropy variation ∆g`h  between 
populations 𝑈𝑈 and 𝑂𝑂, is calculated by Equation (14) as follows.  

 

                                    (14) 

 
Table 4, shows the results of entropy measures for the 

considered medium-sized SALBP-1. 

Table 4. Entropy measures for SALBP-1. 

P O ent(U) ent(O) ∆ent 
500 500 0.4255 0.4377 -0.02867 
 
The entropy only specifies the regular or irregular 

distribution of local optimal on the landscape and does not 
provide information about the extent of distribution, as both 
single and multiple concentrations can share the same high 
entropy. On the other hand, distribution criteria can provide 
additional information about the concentration of local optima 
[16]. Thus, to be able to decide about both the distribution and 
concentration of the local optima in the search space, the 
approximate topology of local optima considering both ∆fJJ 
and ∆g`h is provided in the landscape analysis literature [16] as 
shown in Table 5. According to this Table, there are three main 
topologies of local optima: Uniform, Multimassif, and On-
massif. 

Table 5. The topology of local optima according to distribution and entropy 
variations [15]. 

 Low variations High variations High variations 

 Low variations Low variations High variations 

Landscape 

Uniform Multimassif On-massif 
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For the considered SALBP-1, the low variations for both 
∆fJJ and ∆g`h indicate that the distribution of local optima in 
the search space of the problem is uniform.  

3.3. Fitness-distance correlation  

This measure aims to provide information about the 
correlation between the solutions’ quality and their distance to 
the global optimum. This information can inform us about the 
search space complexity [16]. To calculate the correlation 
measure, the set of fitness function values 𝐹𝐹 = i𝑓𝑓j, 𝑓𝑓k, … , 𝑓𝑓|m|n 
and the associated set of distances to the global optimum 𝐷𝐷 =
i𝑑𝑑j, 𝑑𝑑k, … , 𝑑𝑑|m|n  have to be calculated first. Then, using 
Equation (15) the fitness-distance correlation 𝑟𝑟 is computed.  

 

                              (15) 

where σ is the standard deviation of values and the covariance 
of F and D is calculated by Equation (16). 

 

           (16) 

 
where 𝜇𝜇  is the average of values. The resulting 𝑟𝑟  can be 

equal to a large negative, a near zero, and a large positive value, 
which can be interpreted as follows. A large negative 𝑟𝑟 
indicates a misleading landscape in which employing an 
inappropriate search operator results in more distance from the 
global optimum. A zero value of 𝑟𝑟 shows a difficult landscape 
where there is no relation between the solution fitness and the 
distance from the global optimum. Finally, a large positive 𝑟𝑟 
implies a straightforward landscape in which when the fitness 
of solution improves, their associated distance from the global 
optimum decrease [15].  

For this study, the calculated fitness-distance correlation 
measure was 0.12 and since it is a relatively near zero value, 
thus the SALBP-1 problem landscape belongs to difficult 
search space category.  

3.4. Discussion of the results of landscape analysis   

By employing the fitness landscape, we can form an idea 
about how the search space of a problem looks like. Now, we 
can decide on the most suitable meta-heuristic to be applied in 
addressing the considered test problem.  

The results of analysis of landscape for the considered 
SALBP-1, indicate that the landscape of the problem contains 
a plain shape where the local optimum are uniformly scattered 
on the search space of the problem. However, the fitness-
distance correlation measure showed that the problem is 
complex and difficult to solve since there is no relation between 
the solution fitness and the distance from the global optimum. 
As a result, in such landscape with uniformly scattered local 
optima, the exploration of the search has a higher priority than 
its exploitation to make sure that different local optima are 
found and compared with each other. Thus, the population-
based meta-heuristics such as GA, particle swarm optimization, 
and imperialist competitive algorithm with more exploration 

capability can perform more efficiently than the local search 
algorithms such as simulated annealing (SA), variable 
neighborhood search (VNS).  

Among the population-based meta-heuristics, GAs have 
been widely applied in addressing different ALBPs due to the 
demonstrated success in the results they have achieved [19]. 
Moreover, to further improve the performance of GAs, some 
studies have attempted to adopt it appropriately to the 
considered ALBP characteristics. For instance, the 
representation type of GAs has been developed so that the 
solution space of the problem can be efficiently searched. As 
mentioned previously, there are two main representation 
schemes named task-based [20] and station-based [21] applied 
in the literature. Moreover, to evaluate the fitness of each 
individual in the population, one/multiple objective function(s) 
has/have been considered in the literature. The main objectives 
considered in SALBP are the number of stations and/or 𝐶𝐶𝐶𝐶 
[22] and 𝐸𝐸 [23], most of the times accompanied by 𝑆𝑆𝐼𝐼 [24] to 
obtain better balanced solutions. Finally, developing/applying 
proper operators for GAs to generate new individuals has been 
attentively performed which can be reviewed in the literature, 
e.g., [19]. 

On the other hand, if the landscape of the problem was a 
basin valley, since the local optima of the search are in 
onemassif form, the single-solution meta-heuristics such as SA, 
VNS, and etc. can behave more efficiently than the population-
based meta-heuristics.  

Finally, if the problem landscape was comprised of multiple 
valleys and the distribution of optimal solutions on the search 
space was multimassif, an efficient meta-heuristic has to be 
equipped with both exploration (breadth search) and 
exploitation (depth search) properties [16]. In such condition, 
population-based meta-heuristics hybridized with single-
solution based algorithms such as hybrid GA-VNS or ICA-SA 
algorithms can perform more efficiently than the others in 
addressing the considered problem.         

4. Conclusion 

The assembly line balancing problem (ALBP) is known to be 
NP-hard even in its simplest form called simple ALBP 
(SALBP). Thus, there has been a growing trend towards 
employing meta-heuristics to solve different types of ALBPs 
as well as SALBP. In this study for the first time in the literature 
a landscape (search space) analysis of the SALBP was 
performed while aside from the number of stations, the 
workload smoothness index was minimized as the secondary 
measure. According to the results of landscape analysis, it was 
found that the search space of the problem includes several 
local optima uniformly scattered on the search space. However, 
since there is no relation between the solutions fitness and their 
distance from the global optimum, the problem is difficult to 
solve. As a result, to efficiently solve the problem using meta-
heuristics, the exploration of the search space has a higher 
priority than its exploitation to make sure that different local 
optima are found and compared with each other. Thus, in such 
circumstance, the population-based meta-heuristics such as 
genetic algorithm and imperialist competitive algorithm with 
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more exploration capability can perform more efficiently than 
the local search algorithms such as simulated annealing.  

  As a future research direction, applying the landscape 
analysis on other types of ALBPs such as U-shaped, two-sided 
and mixed-model ALBPs to be able to choose more efficient 
meta-heuristics in addressing them, can be further studied.  
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