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Abstract

The Facility Location Problem (FLP) is an optimization problem that aims to reduce operational costs by
strategically locating facilities. The Uncapacitated Facility Location Problem (UFLP) is considered a subset
of the FLP. In the UFLP, facility optimization is addressed without including capacity constraints in the
calculations. The UFLP problem is frequently used to model and solve problems in areas such as
telecommunications, logistics, and emergency services. In this problem, reaching the optimal solution is
computationally hard. The exponential growth in problem size causes significant computational costs,
making exact solution methods difficult and necessitating better, more efficient algorithms. To address
this problem, this study presents an Improved Genetic Algorithm (IGA) approach for solving UFLP
instances. The IGA uses problem-specific operators to increase cost and solution quality while employing
GA methodology. Furthermore, the proposed method demonstrates good performance across problems of
different scales in terms of computational cost and accuracy in reaching the optimal solution. In addition,
the proposed IGA demonstrates particularly strong performance on complex problem instances and
maintains a high level of solution quality while effectively controlling computational cost. The results
prove the effectiveness and practical applicability of the proposed algorithm in real-world UFLP scenarios.
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1. Introduction

The Facility Location Problem (FLP) is a mathematical optimization problem that aims to determine
optimal facility locations considering many operational parameters including transportation costs,
travel time, operational expenses, and location expenses [1]. FLP has two main subcategories:
Capacitated FLP (CFLP) and Uncapacitated FLP (UFLP). CFLP considers the operational status and
service capabilities of the facility, while imposing constraints on production and transportation
capacity. In contrast, UFLP operates without capacity constraints, prioritizes customer supply
requirements, and focuses on minimizing total costs through optimal customer-facility assignments
[2-4].

The importance of UFLP extends to various application areas where it serves as a fundamental
optimization criterion, assuming that customer demands can be fully satisfied without capacity
constraints [5]. Its practical applications span many areas: logistics and supply chain management
[6], telecommunications network design [7], resource allocation and infrastructure development
[8]. The methodology is particularly valuable in the location of critical services including
emergency response facilities (fire stations, ambulances, police units) [9] and the location
optimization of healthcare facilities [10]. This application versatility demonstrates the essential role
of UFLP in solving complex location optimization challenges in various industries and utility
sectors.
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1.1. Related work

Due to its NP-hard nature, the UFLP has attracted significant interest from the optimization
community, leading to a variety of solution approaches. Ramshani et al [11] proposed
metaheuristic approaches to address two-level UFLP and increase robustness in supply chain
modeling. They also investigated the effect of uncertainty in FLP and discovered the advantage of
methods such as tabu search to solve such problems. As a result, they developed a problem-specific
Route Subset Selector (RSS) with two mathematical programming formulations and a tabu search
algorithm. Thus, they presented a new solution method for the UFLP problem. Hakli and Ortacay
[12] proposed a scatter search algorithm for UFLP. They used crossover techniques to improve the
global search capability of this algorithm. They also used mutation operations to improve and
optimize the local search capability. In the concluding part of this study, they compared 12
different methods for 15 UFLP instances. The experimental results of the study show that 13 out of
15 proposed methods obtain the best value. Their study shows that the improved scatter search
algorithm is an effective and successful method for solving UFLP. Bag and Ulker [13] proposed a
binary variant of a metaheuristic called Binary Social Spider Algorithm (BinSSA) to solve UFLP.
BinSSA was tested on 15 UFLP instances of small, medium and, large-scale instances. The results
were compared with 18 state-of-the-art algorithms, and BinSSA obtained competitive results in
solving UFLPs. Sonug [14] adapted the structure of the Crow Search Algorithm (CSA), designed for
continuous optimization, to binary optimization problems. As part of the study, Binary CSA
(BinCSA) was developed, which can work efficiently in the binary search space. The study shows
that BinCSA is effective for binary optimization problems such as UFLP. Oliveira et al [15]
conducted a study to compute two different variants of dynamic or multi-period two-stage UFLP.
The study aims to optimize the installation and transportation costs of first-level facilities by using
second-level facilities to serve distributed customers with different demand patterns. The proposed
solution is compared with CPLEX and its integrated algorithm to show better performance. Kaya
[16] proposed the Binary GSO (BinGSO) approach based on the Galactic Swarm Optimization
(GSO) method. In addition to this approach, they adopted Binary Artificial Algae Algorithm as the
main search algorithm and proposed a new method to solve UFLP. Cinar [17] proposed a binary
variant of the Archimedes optimization algorithm for UFLP. The study investigates the
effectiveness of these binary variants to solve UFLPs using 17 different transfer functions and the
effect of different transfer functions on the solution quality. Alidaece and Wang [18] proposed a
method that can solve UFLP by combining a hybrid genetic algorithm (GA) and tabu search. The
GA used in the study is based on a random key applied to sorting problems, while tabu search
focuses on adaptive critical events. The key component is adapted to modify the search component.
The proposed method is compared with benchmarks and a GRASP-based algorithm.

Sonuc and Ozcan [19] proposed an adaptive binary evolutionary algorithm (EA) called Adaptive
Binary Parallel EA (ABPEA) to solve UFLP. ABPEA generates solutions using single and binary
operators and is effectively applied to UFLP. The study aims to provide a solution that can be
modeled by automating operator and parameter selection. The study reveals that ABPEA can
effectively adapt to NP-hard problems such as UFLP and perform competitively. Moreover, this
study makes an essential contribution to the literature by studying the impact of adaptive
optimization methods on complex problems. Zhang et al. [20] proposed Enhanced Group Theory-
Based Optimization Algorithm (EGTOA) for UFLP and compare its performance results with 16
different algorithms. They improved the optimization by using Direction Mutation Operator
(ODMO), a local search operator, and Redundant Control Strategy (RCS). The study shows that the
specially developed EGTOA is a competitive algorithm with better results than the algorithms
presented in the literature.

Jang and Zhang [21] proposed the Adaptive Differential EA (IADEA) for solving UFLP. IADEA
integrates the activation function into the algorithm by considering the critical features of UFLP.
Moreover, an adaptive operator is added to extend the local optimum. The proposed IADEA is
tested on UFLP benchmark problems and compared with a hybrid ant colony algorithm. Ozsoydan



and Kasirga [22] applied the Flower Pollination Algorithm (FPA) to binary optimization problems
such as UFLP by enhancing it with evolutionary operators. The developed method used
evolutionary operators such as crossover and mutation to adapt the FPA for binary optimization.
The study shows that the developed method can solve existing benchmarks and outperform other
heuristic algorithms, an essential step for binary optimization problems. Yang and Luo [23] focused
on solving the k-product UFLP problem given a set of customer points in an environment where k-
different products are supplied, and facilities can be opened. In the work, they focus on two
different integer programs describing UFLP and use the (2k+1)-approximation algorithm for the
solution. Ozkis and Karakoyun [24] proposed the binary Enhanced MFO Desert Bush (binEMFO-
DB) algorithm, which is a modified version of Moth Flame Optimization (MFO) for solving UFLP.
Three main modifications to the proposed algorithm were considered and tested on 15 different
UFL problems. In their study, Taguchi linear array design was used for parameter analysis.
Soufyane et al. [25] presented a method that uses artificial neural networks and clustering
algorithms to solve the UFLP problem. The technique uses Maximum Stable Set Problem (MSSP)
and Continuous Hopfield Network (CHN) to determine the optimal locations for the facilities. The
result of the study shows that the proposed method for solving UFLP performs well in terms of
solution quality and time.

Bas and Yildizdan [26] presented BinAOA, a binary form of the Arithmetic Optimization
Algorithm (AOA). They adapted the BinAOA method to binary optimization problems. They also
proposed the BinAOAX method by improving the candidate solution generation process of
BinAOA with the XOR logical gate. The study also performs performance tests on classical
benchmark functions and shows that BinAOA and BinAOAX methods are successful in UFLP.
Aslan and Pavone [27] presented the Modified Binary Vortex (MBVS) method, a binary version of
the Vortex Search (VS) algorithm. MBVS makes three essential modifications to the basic structure
of the VS algorithm, resulting in significant improvements in the solution of UFLP instances. The
proposed method is tested on 15 different UFLP instances and shows a significant performance
compared to other works presented in the literature. In another study, Pratiwi et al. [28] also used
FPA to solve UFLP. In addition to FPA, they also applied the Artificial Tree (AT) algorithm, which
is inspired by the life cycle of plants, to solve UFLP. According to the experimental results, both
algorithms perform highly on the UFLP instances. Gendron et al. [29] studied industrial
applications arising in two-level UFLPs with single assignment constraints (TUFLP-S). They
present an integer programming formulation for a modular cost variant of TUFLP-S and adapt the
variable neighborhood search algorithm for this classical problem. Matos [30] used the Relaxation
Adaptive Memory Programming (RAMP) approach with different levels to solve UFLP. The study
tests more straightforward and more complex versions of the RAMP approach on UFLP. The
literature shows a trend toward hybrid and nature-inspired algorithms, with a focus on adaptive
mechanisms and binary optimization. While these methods have shown good results on standard
problems, there is still room for improvement in solution quality, efficiency, and real-world
applicability.

2. Problem statement

UFLP aims to determine the optimal facility layout and customer-facility assignment plan to
effectively meet customer demands, whereby the locations of facilities to be opened are
strategically identified and each customer's demand is allocated to a designated facility. In its
application, UFLP simultaneously addresses three core objectives: determining the locations of
facilities to be established, assigning each customer's demand to the most appropriate facility, and
minimizing the aggregate cost comprising both facility-opening costs and transportation costs
between facilities and customers.

UFLP minimizes the total cost associated with opening a facility, assigning customers, and
transportation can be formulated as follows:
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where:

*  C; is the transportation cost from facility i to customer j. (Distance)

e f.is the cost of opening facility i.
The constraints of the mathematical model are stated as follows:

e Each customer is to be served by a single facility:

& (2)
Minimize )" x;=1,j=1,2,...,m
i=1
e  Only open facilities are eligible to serve customers:
x;—y;<0,i=1,2,..,nand y=1,2,...,m (3)
e  The decision variables X;; and y; must be binary:
x;€{0,1},i=1,2,...,nand y=1,2,...,m (4)

yie{oll}sizl,z,...,n

where:

e Xx;=1if the customer (j) is served by the facility i and 0 otherwise.

e y,=1if the facility (i) is opened and 0 otherwise.

3. Materials and methods

3.1. Genetic algorithm

GA is an optimization method inspired by natural selection and the principles of genetics. GA
performs by encoding possible solutions to optimization problems, such as chromosomes. The
declaration of these chromosomes is realized as a binary series. The initial step of the algorithm is
an initial population of chromosomes to represent each potential solution. GA aims to develop the
population to reach possible solutions through crossover, selection, and mutation processes.
Mechanisms such as roulette wheel selection, tournament selection, and stochastic universal
sampling are used for the selection process. The selection mechanism aims to select more optimal
solutions within the population so that the individuals produce better descendants that are more
likely to be optimal. Crossover operations are used to select individuals in pairs to produce
descendants. In this way, genetic elements are mixed, and possibilities closer to the possible
solution are discovered. Random changes are made in some individuals with the mutation used in
GA. These changes create genetic diversity in the population and ensure that the algorithm does
not stay at the local optimum and reaches the global optimum. Random changes are made in some
individuals with the mutation used in GA. Genetic diversity is created within the population, and
the algorithm can reach the global optimum by not staying in the local optimum region. This
process in GA continues until a certain criterion is reached. In other words, it stops when the
solutions approach or reach the global optimum. GAs can achieve effective results for complex and
high-dimensional optimization problems such as UFLP. When traditional methods are used to solve



complex problems, cost and performance losses may occur. GAs can investigate different regions in
the problem space and produce optimal or near-optimal solutions thanks to their many elements,
which are modeled from genetics.

3.2. The proposed method (IGA)

The proposed IGA incorporates modifications designed to improve solution quality while keeping
computational load manageable by applying GA methodology. In the algorithm, each candidate
solution is represented as a binary chromosome indicating whether a facility is opened or closed. In
other words, every chromosome corresponds to a specific configuration of open facilities.

IGA first creates a random population of candidate solutions. Each chromosome is represented
as a binary vector with randomly assigned states. A possible solution must contain at least one
active facility. Therefore, open facilities are added to chromosomes that do not contain active
facilities at random. With this adjustment, the search process can begin with feasible solutions
while preserving the diversity of the initial population. Parent solutions are selected using
tournament selection. In this strategy, a small random subset of the population is chosen. The
individual with the best fitness value in this subset is selected as the parent. Tournament selection
allows stronger individuals to be determined more frequently while still giving weaker individuals
a chance to participate in the evolutionary process, helping maintain population diversity.

To generate offspring, a cost-guided crossover operator is used. The operator incorporates
facility opening costs into crossover decisions. Firstly, facility opening costs are normalized to
create comparative values:

fimFwin ()
fmax - fmin

where f; denotes the opening cost of facility i, and f

fi=y

and f

maximum facility opening costs in the instance. When two parent chromosomes differ at a

min max Yepresent the minimum and

particular gene position i, the probability of opening that facility in the offspring is determined
using the following rule:

popen:0'6+0'3(1_fi) (6)

This formulation ensures diversity while increasing the probability of selecting facilities with
lower opening costs. During the crossover step, two offspring are produced. One of the offspring is
biased toward the better parent, thus ensuring the selection of better solutions. The other provides
additional randomness to make the exploration process in the search area more sustainable. After
crossover, mutation is applied using a bit-flip mechanism. In this operation, each gene may change
its state with a small probability. While preserving population diversity through mutation, the risk
of early convergence is reduced.

In addition to the standard GA operators, the IGA applies a probabilistic greedy repair
mechanism. This mechanism aims to improve solution quality by removing facilities that
unnecessarily increase the total cost. In the repair approach, all open facilities in a chromosome are
first identified and sorted according to their opening costs. The most expensive facilities are then
considered as repair candidates. Each candidate facility is temporarily removed, and the resulting
solution is evaluated. If removing the facility improves the objective value, the modification is
accepted. To avoid high computational cost, the repair procedure is applied only with a predefined
probability and evaluates only a limited number of candidate facilities.

An elitism strategy is also applied during the evolutionary process. The best individuals in the
population are preserved and transferred directly to the next generation. This mechanism ensures
that high-quality solutions discovered during the search are not lost. The evolutionary process



continues over a fixed, defined number of generations. At the end of the algorithm, the
chromosome with the lowest objective value in the population is selected as the final solution.

4. Experimental results

The performance of the proposed algorithm has been evaluated on commonly used benchmark
problems for UFLP [31]. The IGA’s performance was evaluated on cap71-cap74, capl01-cap104,
capl31-cap134, and larger-scale capa, capb, and capc instances. These instances are frequently
used in literature to evaluate UFLP solutions. Because they present different levels of problem size
and complexity, algorithms can be tested under different conditions. However, the performance of
the approaches also allows for evaluation in terms of solution quality and computational efficiency.

Table 1
Computational Results of the Proposed IGA on the UFLP Instances
Instance Optimal Best Mean Std. Dev. Gap Hit Time
(s)
cap71 932,615.75 932,615.75 932,615.75 1.16e-10 0.00 10/10 5.20
cap72 977,799.40 977,799.40 977,799.40 0.00 0.00 10/10 5.24
cap73 1,010,641.45 1,010,641.45 1,010,641.45 1.16e-10 0.00 10/10 5.41
cap74 1,034,976.98 1,034,976.98 1,034,976.98 1.16e-10 0.00 10/10 5.32
cap101 796,648.44 796,648.44 796,734.47 258.09 0.11 9/10 5.65
cap102 854,704.20 854,704.20 854,704.20 1.16e-10 0.00 10/10 5.61
cap103 893,782.11 893,782.11 893,884.02 305.71 0.11 9/10 5.69
cap104 928,941.75 928,941.75 928,941.75 0.00 0.00 10/10 5.72
cap131 793,439.56 793,439.56 793,525.59 258.09 0.11 9/10 7.04
cap132 851,495.33 851,495.33 851,495.33 1.16e-10 0.00 10/10 7.19
cap133 893,076.71 893,076.71 893,429.41 352.70 0.08 5/10 7.26
cap134 928,941.75 928,941.75 928,941.75 0.00 0.00 10/10 7.20
capa 17,156.454.48 17,156,454.48 17,156,454.48 0.00 0.00 10/10  11.40
capb 12,979.071.58 12,979,071.58 13,015,336.87 42,497.10 0.79 5/10 11.61
capc 11,505,594.33 11,505,594.33 11,525,263.36 14,999.77 0.40 1/10 11.79

To evaluate the performance of the proposed algorithm, the algorithm was run 10 times on each
instance. Experiments and tests were conducted on an Intel CPU with 16 GB of RAM. All
experiments were performed with the same parameter configuration defined. The initial population
size was set to 100 individuals, and the algorithm was run for 2000 generations. The mutation rate
was fixed at 0.02. The elitism strategy was applied by retaining the top 10 individuals in each
generation. The tournament size was selected as 3 for the parent selection step.



In addition to standard GA operators, a probabilistic greedy repair mechanism has been added
to the proposed algorithm. A probability of 0.05 is considered for the repair process. To control the
computational cost during the repair phase, only a limited number of candidates are evaluated. The
algorithm evaluates the five most expensive open facilities as repair candidates. In each repair
attempt, the removal operation is performed once based on success.

For consistency in statistical results, each instance was solved independently 10 times with
different random seeds. The IGA’s performance was evaluated using the best solution, mean
solution value, standard deviation, gap, and time metrics as shown in Table 1. When the results
were examined, it was observed that the IGA generally achieved optimal solutions in the test
instances. In particular, the most suitable solutions were obtained in all runs for instances such as
cap71, cap72, cap73, cap74, cap102, cap104, cap132, cap134, and capa. An examination of the hit and
gap values in these instances reveals that the convergence value is satisfactory.

Table 2
Performance Comparison of EA, GA, and the Proposed IGA for the UFLP
Instance  Optimal EA GA IGA
cap71 932,615.75 117,691,32.30 944,057.39 932,615.75
cap72 977,799.40 977,799.40 995,217.83 977,799.40
cap73 1,010,641.45 1,014,679.64 1,010,641.45 1,010,641.45
cap74 1,034,976.98 1,034,976.98 1,064,662.28 1,034,976.98
cap101 796,648.44 808,212.06 796,648.44 796,648.44
cap102 854,704.20 872,620.05 854,704.20 854,704.20
cap103 893,782.11 893,782.11 893,782.11 893,782.11
cap104 928,941.75 928,941.75 928,941.75 928,941.75
cap131 793,439.56 793,439.56 793,439.56 793,439.56
cap132 851,495.33 851,495.33 851,495.33 851,495.33
cap133 893,076.71 893,076.71 893,076.71 893,076.71
capl134 928,941.75 928,941.75 928,941.75 928,941.75
capa 17,156.454.48 17,796,978.56 17,156,454.48 17,156,454.48
capb 12,979.071.58 12,991,528.78 12,979,071.58 12,979,071.58
capc 11,505,594.33 11,722,193.11 11,505,594.33 11,505,594.33

The IGA has been observed to produce solutions very close to optimal values with minor
deviations between runs on large and complex instances. This demonstrates that the algorithm can
produce reliable solutions even when the search space becomes more complex on large and
complex instances. The generally low standard deviation values prove that the algorithm produces
consistent solutions across multiple independent runs.

The average execution time also varies depending on the complexity and size of the example.
The IGA reaches the optimal solution in approximately 5-6 seconds for smaller instances such as



cap71-cap104, whereas takes approximately 11 seconds for larger instances such as capa, capb, and
capc.

Table 2 compares the performance of EA, classical GA, and the proposed IGA. In UFLP
instances, the proposed approach reaches the optimal solution, while classical GA and EA produce
more costly solutions. Classical GA is seen to produce worse results than other methods, especially
in more complex instances such as capa, capb, and capc. Although EA shows competitive
performance in some instances, it consistently fails to reach optimal solutions compared to the
proposed algorithm. These results show that the proposed improved GA can reach more reliable
and accurate solutions than both EA and classical GA.

Performance Comparison on Small and Medium UFLP Instances
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Performance comparison of EA, GA and IGA on small and medium UFLP benchmark instances.

Figures 1 and 2 present the performance differences between EA, classical GA, and IGA on
UFLP benchmark instances. Figure 1 shows the results on small and medium-sized instances.
Examining the values in the graph, it can be seen that in some instances, classical GA presents
higher-cost solutions, while EA achieves competitive results. However, it is observed that both
methods show lower performance compared to the proposed method.

le7 Performance Comparison on Large UFLP Instances
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Figure 2: Performance comparison of EA, GA and the proposed algorithm on large-scale UFLP
benchmark instances.

Figure 2 compares the performance of the algorithms on complex and large-scale instances.
Classical GA struggles to reach optimal solutions in instances such as cap and capb. While EA
performs well in some instances, it shows lower performance compared to the proposed algorithm.



The results show that despite the increasing size and complexity of the problem, the proposed
algorithm can reach the optimal solution and produce reliable results.

5. Conclusion

This study analyzes the literature review on the improved genetic algorithm (IGA) and its
experimental performance in UFLP. The experimental results presented in this study demonstrate
that IGA obtains optimal solutions for various UFLP instances that are nearly identical to the best
solutions reported in the literature. Overall, the results confirm that the proposed IGA is a reliable
and efficient approach for solving the UFLP problem. This consistently produces optimal solutions,
particularly in complex and large-scale problem instances. Thus, this study demonstrates the
feasibility and performance of the proposed approach in providing more efficient solutions in
optimization processes. Future research should include more comprehensive experimental studies
of different problem sizes and characteristics, with a focus on improving the algorithm for practical
applications.
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