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Abstract 

The Uncapacitated Facility Location Problem (UFLP) is one of the widely 

studied discrete optimization problem due to its application in modelling 

and solving various real life problems. In UFLP, the minimum cost of 

connecting a facility with some demand points is being sought. Due to its 

NP-hard (nondeterministic polynomial time) nature and increasing 

complexity of the problem as the dimension increases, metaheuristic 

optimization algorithms have been proposed in solving them. In this paper, 

the performance of two successful and recent metaheuristic optimization 

algorithms (the Ant Lion Optimizer (ALO) and Particle Swarm 

Optimization (PSO)) which were applied to solving UFLP were evaluated 

and compared. The data set used for the experiments were obtained from 

OR-library (Operational Research Library) and the results shows that the 

algorithms were efficient in obtaining a minimum cost and minimize 

distance of travel to yield a better facility location. The performance of ALO 

algorithm when compared to PSO show much better results in terms of 

obtaining the minimum city-facility connection cost. 
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Introduction 

Facility Location is a branch of 

operation research that deals with 

mathematical modeling and solving 

issues related to optimal placement of 

facilities in order to minimize the 

costs (Ghosh, 2003; Kole et al., 2014). 

In order to provide certain services to 

clients, multiple facilities of the same 

type may be situated within an area. In 

this situation, service providers must 

select the location of the facility with 

reference to the cost and the customer 

convenience. The facility location 

problem (FLP) is a combinatorial 

problem that integrates basic issues 

related to such selection of a facility 

location (Hiroaki el at., 2011). A 

Facility Location Problem (FLP) 

consists of positioning a set of 

structures (facilities) in a given space 

in order to satisfy the demand (actual 

or potential) expressed by a set of 

customers. In this problem, there are 

set of clients and a set of facilities, 

each client is connected to a facility in 

a way that minimizes the sum of fixed 

costs for opening facilities and the 

total cost for servicing the clients. 

This problem comprises two main 

stages of decision making: at the 

upper level, when a set of facilities to 

be opened is chosen and at the lower 

level, where the clients are assigned to 

these facilities by taken into 

consideration the clients preferences 

(Hajiagh, el at., 2003; Maric, el at., 

2015). There are two kinds of FLP, 

depending on the presence of 

limitations on the amount of service 

provided by every facility. If each 

facility has a limit on the number of 

customers it can serve, it becomes a 

capacitated facility location problem 

(CFLP). On the other hand, if an 

arbitrary number of customers can be 

connected to a facility, the problem is 

called Uncapacitated Facility 

Location Problem (UFLP) (Ling, el 

at., 2006). Both CFLP and UFLP are 

NP-hard and have been extensively 

studied. Also, lots of algorithms, exact 

and heuristics have been developed to 

solve the two FLPs. UFLP is one of 

the most widely studied discrete 

location problem because of its wide 

application to real life problems. 

(UFLP), also called warehouse 

location problem is a classical 

problem (that is NP-hard in nature) 

that is studied in operational research 

from which several other variants of 

location problems are derived (Shu, 

2013). 

In this study, the performances of two 

popular metaheuristic optimization 

algorithms (Antlion Optimizer (ALO) 
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and Particle Swarm Optimization 

(PSO)) when applied to solve UFLP 

were compared to determine the best algorithm for the UFLP.  

 

Related works 

Several optimization techniques have been proposed for solving the UFLP. 

These techniques ranges from exact algorithms to heuristics and then, 

metaheuristics. For example, Tabu search algorithm, a metaheuristic was 

applied by Al-Sultan and Al-Fawzan, (1999) to solve the UFLP. Their 

application produces good solutions, but takes significant computing time and 

limits the applicability of the algorithm. Michel and Van Hentenryck, (2004) 

also applied tabu search and their proposed algorithm generate more robust 

solutions. In Guner and Sevkli, (2008), discrete version of particle swarm 

optimization DPSO is applied to solve UFLP. The results of DSPO are 

compared with results of a continuous particle swarm optimization (CPSO) 

algorithm and two other metaheuristics approaches show s that DSPO is slightly 

better. (Nevena el at., 2010), described a new approach to solving the UFLP 

using message passing algorithms. The approach demonstrates that LP 

relaxation based message passing algorithms such a max-product linear 

programming (MPLP) can be used to construct approximations for NP hard 

problems in a manner similar to primal-dual methods. A fast Algorithm for 

facility location problem was investigated by Wenhao.,(2013). The algorithm 

was used to solve the UFLP using datasets obtained from OR-Library. The 

distinguishing feature of the algorithm compared with that in Jain el at., (2002) 

is the lower running time. Kole el at., (2014) in his work uses Ant Colony 

Optimization (ACO) to solve UFLP. Comparing results with PSO technique 

gave almost same results for same dataset. Mesa et al., (2018), Used, Cuckoo 

search via levy flight (CS-LF) to solve facility location problem. Results 

showed that applying CS-LF for the problem produced better facility locations. 

When compared the PSO technique, the CS-LF performs averagely better. In 

this study, a new metaheuristic optimization algorithm (ALO) that has not been 

applied to UFLP is proposed. The result obtained is compared with the popular 

PSO algorithm.  
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Problem Formation 

In UFLP, the objective function is to find the minimum cost of connecting a 

city to an opened facility. Given a set of clients Q which are required to be 

serviced by a subset of facilities F, such that each facility i has an opening 

cost 𝑓𝑖. The cost of facility i serving Client (𝑗: 𝑗 ∈ 𝑄)  is 𝑄𝑖,𝑗 . Equation 1 shows 

the Objective Function of the UFLP. 

𝑂𝐹 = 𝑚𝑖𝑛 ∑𝑄𝑖𝑗𝑋𝑖𝑗 + ∑𝑓𝑖𝑌𝑖

𝑖𝑖,𝑗

                          (1) 

Subject to; 

𝑗 ∈ 𝑄: ∑𝑋𝑖𝑗 = 1

𝑗=1

                                                           (2) 

𝑌𝑖 − 𝑋𝑗𝑖  ≥ 0                                                                                      (3) 

𝑌𝑖  ∈ {0, 1} 𝑎𝑛𝑑 𝑋𝑖𝑗 ∈ {0, 1}                                                                              (4) 

Where, 𝑋𝑖𝑗 is a variable that shows if client j is connected to facility i, while 𝑌𝑖 

shows if facility i is open or not. Equation 2 ensures that every client is 

connected to one facility while Equation 3 ensures that the facility Y must be 

opened. 

 

The Ant Lion Optimizer 

ALO is a novel nature-inspired algorithm developed in 2015 (Mirjalili, 2015). 

This algorithm consists of exploration by random walk and random selection of 

agents. The exploitation is done with traps. The ALO algorithm imitates the 

real-life hunting mechanism of ant lions which employs five main steps of 

hunting i.e. random walk of agents, building traps, entrapment of ants in trap, 

catching prey and rebuilding traps. The roulette wheel and random walks of 

ants in ALO optimizer can eliminate local optima. Mathematical modeling of 

ALO algorithm is presented. 

The lifecycle of ant lions includes two main phases: larvae and adult. An ant 

lion larva digs a cone shaped pit in sand by moving along a circular path and 

throwing out sands with its massive jaw. After digging the trap, the larva hides 

underneath the bottom of the cone and waits for insects to be trapped in the pit. 

The edge of the cone is sharp enough for insects to fall to the bottom of the trap 

easily. Once the ant lion realizes that a prey is in the trap, it tries to catch it. 

Then, it is pulled under the soil and consumed. After consuming the prey, ant 
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lions throw the leftovers outside the pit and prepare the pit for the next hunt 

(Mehta & Nischal, 2015) (Ali, Elazim, & Abdelaziz, 2017).  

 
Figure 1: ALO Algorithm 

 

Particle Swarm Optimization (PSO) 

PSO was originally conceived as a representation of organisms in a bird flow 

or fish school. Later it was simplified and was used for solving optimization 

problems. PSO uses a bunch of particles called the swarm. These particles are 

allowed to move around and explore the search-space. These particles move in 

a direction which is guided by; 

1. The particle’s own previous velocity (Inertia) 

2. Distance from the individual particles’ best known position (Cognitive 

Force) 

3. Distance from the swarms best known position (Social Force) (Thiyagaraj, 

2018)  
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PSO is a computational method that optimizes a problem by iteratively trying 

to improve a candidate solution with regard to a given measure of quality. It 

solves a problem by having a population of candidate solutions, here dubbed 

particles, and moving these particles around in the search-space according to 

simple mathematical formulae over the particle's position and velocity. Each 

particle's movement is influenced by its local best known position, but is also 

guided toward the best known positions in the search-space, which are updated 

as better positions are found by other particles. This is expected to move the 

swarm toward the best solutions (Wikipedia, 2019). 

Algorithm 2: PSO Algorithm 

     for each particle i = 1, ..., S do 

   Initialize the particle's position with a uniformly distributed random 

vector: xi ~ U(blo, bup) 

   Initialize the particle's best known position to its initial position: pi ← xi 

   if f(pi) < f(g) then 

       update the swarm's best known  position: g ← pi 

   Initialize the particle's velocity: vi ~ U(-|bup-blo|, |bup-blo|) 

while a termination criterion is not met do: 

   for each particle i = 1, ..., S do 

      for each dimension d = 1, ..., n do 

         Pick random numbers: rp, rg ~ U(0,1) 

         Update the particle's velocity: vi,d ← ω vi,d + φp rp (pi,d-xi,d) + φg rg 

(gd-xi,d) 

      Update the particle's position: xi ← xi + vi 

      if f(xi) < f(pi) then 

         Update the particle's best known position: pi ← xi 

         if f(pi) < f(g) then 

            Update the swarm's best known position: g ← pi 

 

 

    Figure2: PSO Algorithm 

 

Experimentation 

Data collection and Description 

https://en.wikipedia.org/wiki/Uniform_distribution_(continuous)
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Three datasets were used for the experiment. The first data (Data 1) was taken 

from OR-library and used by Shu (Shu, 2013) for their experiment. The data 

consist of five facilities and seven cities. The facilities cost 𝑓𝑖(𝑓𝑜𝑟 𝑖 =

1, 2, 3, 4, 5) and facility-city connection cost 𝑄𝑖𝑗( 𝑓𝑜𝑟 𝑗 = 1, 2, 3, 4,5,6, 7) is 

given in Figure 3 as follows (Shu, 2013). Figure 4 shows the facility-city 

connectivity for Data 1. The source nodes are the facilities while the destination 

nodes are the cities and while the cost of connecting a facility-city are the values 

on the edges between nodes. The problem is to minimize this graph such that 

all cities must be connected to at least one facility at a minimum cost. The 

second and third data (Data 2 and Data 3 respectively) comprise of five facilities 

each with 15 cities for Data 2 and 20 cities for Data 3. The facility-city 

connection cost for Data 2 and Data 3 were generated randomly while the 

facility cost remains the same as that of Data 1. 

 

UFLD: FIVE FACILITIES AND SEVEN CITIES 

𝑓4 = 5 , 𝑓1 = 6 , 𝑓5 = 8 , 𝑓2 = 10 , 𝑓3 = 12    

𝑄12 = 2 , 𝑄11 = 4 , 𝑄13 = 5 , 𝑄15 = 6 , 𝑄14 = 8 

𝑄22 = 2 , 𝑄21 = 3 , 𝑄23 = 6 , 𝑄24 = 7 , 𝑄25 = 9 

𝑄33 = 1 , 𝑄34 = 4 , 𝑄31 = 6 , 𝑄35 = 7 , 𝑄32 = 8 

𝑄43 = 2 , 𝑄44 = 3 , 𝑄45 = 4 , 𝑄41 = 5 , 𝑄42 = 7 

  𝑄55 = 3 , 𝑄52 = 4 , 𝑄51 = 7 , 𝑄54 = 9 , 𝑄53 = 10 

𝑄61 = 1 , 𝑄64 = 3 , 𝑄65 = 6 , 𝑄63 = 8 , 𝑄62 = 9 

  𝑄74 = 3 , 𝑄72 = 5 , 𝑄75 = 7 , 𝑄73 = 8 , 𝑄71 = 12 

 

 

Figure 3: UFL Data 1 (Shu, 2013) 
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             Figure 4: Facility-city graph for Data 1 

Table 1: ALO and PSO parameters 

S/N PARAMETER VALUE 

1 Ant lion population (n) 20-40 

2 Ant population 20-40 

3 

4 

5 

6 

Maximum Iteration 

        Number of values 

       Number of particles 

       Number of iteration 

50 

5 

55 

1000 

 

Performance Evaluation 

The performance of the model was evaluated using the average cost value 

obtained after 10 independent runs. The solution with the average minimum 

cost is preferred with no constraint violation. 

 

Results  

In this section, the result obtained by ALO is compared with PSO. First, the 

results obtained by ALO is presented and the results are validated with the 

results obtained using PSO. 

 

ALO Results 

Figure 5, 7 and 9. Shows the convergence plot for ALO applied to data 1, Data 

2 and Data 3. The plot is a plot of elite ant lion (average minimum cost of 

allocating cities to facilities) on the Y-axis and number of iterations on the X-
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axis. For all the cases, 1000 iterations were performed and repeated five 

independent runs. From the plot, the minimum cost obtained by ALO for Data 

1 is 55 at 90th iteration, Data 2 is 80 at 80th iteration and Data 3 is 114 at 100th 

iteration. Similarly, Figure 6, Figure 8 and Figure 10.  Shows the minimized 

Facility-City connectivity graph for Data 1, Data 2 and Data 3. The source 

nodes 1 to 5 indicate the facility and the destination indicates the cities. The 

result show that the algorithm is efficient in obtaining a minimum cost and 

minimized connectivity graph for the problem. 

 
Figure 5: ALO Convergence curve               Figure 6: ALO graph for data 1 

 
          Figure 7: ALO Convergence curve           Figure 8: ALO graph for data 2 
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Figure 9: ALO Convergence curve           Figure 10: ALO graph for data 3 
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PSO Results  

Figure 11, 13 and 15 shows the convergence plot for PSO applied to data 1, 

data 2,and data 3. The plot is a plot of elite antlion (average minimum cost of 

allocating cities to facilities) on the Y-axis and number of iterations on the X-

axis. For all the cases, 1000 iterations were performed and repeated five 

independent runs. From the plot, the minimum cost obtained by PSO for Data 

1 is 55 at 200th iteration, Data 2 is 83 at 310th iteration and Data 3 is 121 at 440th 

iteration. Similarly, Figure 12, 14 and 16 shows the minimized Facility-City 

connectivity graph for Data 1,2 and 3. The source nodes 1 to 5 indicate the 

facility and the destination indicates the cities. The result show that the 

algorithm is efficient in obtaining a minimum cost and minimized connectivity 

graph for the problem. 

                           
Figure 11: PSO Convergence curve               Figure 12: PSO graph for data 1 

  
    Figure 13: PSO Convergence curve            Figure 14: PSO graph for data 2 
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Figure 15: PSO Convergence curve            Figure 16: PSO graph for data 3 

 

Table 2 shows the summary of convergence cost obtained for the considered 

UFLP. From the table, ALO obtained 55, 80 and 114 for Data 1, Data 2 and 

Data 3 respectively. PSO however, obtained 55, 83 and 121 for Data 1, Data 2 

and data 3 respectively. This is an indication of the robustness of ALO as the 

data size increases as shown in Figure 16.  

 

Table 2: Minimum cost and number of iteration obtained for the ALO and PSO 

   MINIMUM COST   NO. OF ITERATION 

DATASET ALO PSO ALO PSO 

Data 1 55 55 90th  200th  

Data 2 80 83 80th  310th  

Data 3 114 121 100th  470th  

                                           

  
Figure 16: ALO vs PSO performance 
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Conclusion 

This paper presents two optimization algorithms for Uncapacitated Facility 

Location Problem (UFLP). The algorithms are the Antlion Optimizer (ALO) 

and Particle Swarm Optimization (PSO). The performance of ALO and PSO 

are compared in order to ascertain the effectiveness of the algorithms on the 

UFLP. The results obtained show the robustness of ALO over PSO for the three 

datasets experimented upon. Therefore, it is recommended that ALO be used 

for UFLP. 
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