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1|Introduction    

The effectiveness and competitiveness of logistics, supply chain management, and service industries depend 

greatly on proper facility location decisions [1], [2]. The decision of where to put warehouses, distribution 

centers, and service hubs influences how much it costs to operate, how fast deliveries are made, and how 

content customers are—because of this, deciding where best to place facilities has been a key issue in 

operations research and can be applied to many sectors, like manufacturing, healthcare and emergency 

services. 

While much has been studied in facility location, actual decision-making is still challenging because 

information about costs, demands, and facility capacity often includes uncertainty and imprecision [3]. It is 

uncommon to have all the facts about inputs to make stochastic modeling unnecessary, so traditional models 

mainly depend on assumptions that are not reliable in practice [4]. Changing demand, changing expenses, and 

uncertain supply add randomness that may weaken and lower the quality of site choices [5]. 
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Because of this awareness, fuzzy set theory is now used to develop models that accept data uncertainties, 

making it more straightforward to represent unclear elements. Still, including fuzzy criteria in facility 

placement problems raises the number of possible solutions, requiring tools that can quickly find practical 

solutions [6–8]. 

The Facility Location Problem (FLP) is solved in this paper with a fuzzy mixed-integer model, where fuzzy 

numbers are used for demands, costs, and capacities. Complementing this, a hybrid evolutionary algorithm 

was introduced that combines the exploratory power of Genetic Algorithms (GAs) with fuzzy programming 

techniques, particularly leveraging α-cut transformations to handle uncertainty effectively. This integration 

enables flexible decision-making that balances risk and cost under varying data confidence levels. 

The main contributions of this work lie in the novel combination of fuzzy modeling and evolutionary 

optimization tailored for facility location, along with comprehensive computational experiments that 

demonstrate the approach's effectiveness on both synthetic and real-world-inspired datasets. The results 

highlight improved solution robustness and adaptability, providing valuable insights for decision-makers 

operating in uncertain environments. 

The remainder of the paper is organized as follows: Section 2 reviews the relevant literature on facility location 

models, fuzzy programming, and evolutionary solution methods. Section 3 formulates the fuzzy FLP 

mathematically. Section 4 details the proposed hybrid GA. Section 5 presents computational experiments and 

analysis. Section 6 discusses the findings and their practical implications, followed by conclusions and future 

research directions in Section 7. 

2|Literature Review 

2.1|Classical Facility Location Models 

FLPs are fundamental in operations research and supply chain management. Among the most studied 

deterministic formulations are the Uncapacitated Facility Location Problem (UFLP) and the Capacitated 

Facility Location Problem (CFLP). The UFLP aims to minimize the sum of fixed facility opening costs and 

transportation costs, assuming no capacity limitations on facilities [9], [10]. Early contributions by Efroymson 

and Ray [11], Khumawala [12], and Cornuejols and Thizy [13] formalized these models and investigated 

solution properties. On the other hand, CFLP introduces capacity constraints, reflecting practical service 

limitations. Notable early studies by Kuehn and Hamburger [14] and Akinc and Khumawala [15] developed 

models and solution techniques addressing these constraints [16–20]. Furthermore, extensions to multi-level 

and two-stage facility location models have been explored to represent better hierarchical and multi-product 

supply chain systems [21]. 

2.2|Facility Location under Uncertainty 

In real-world applications, uncertainties in demand, costs, and potential disruptions significantly affect facility 

location decisions [22]. Two primary research streams address these challenges. Stochastic models treat 

uncertain parameters as random variables, optimizing for expected cost or utility. Mirchandani and Odoni 

[23] and Louveaux and Thisse [24] examined the effects of such uncertainty on facility siting and customer 

assignments [25–28]. Robust and reliable models focus on resilience against failures or disruptions. Cheng et 

al. [29] developed robust optimization models for UFLP and CFLP considering disruptions, while Snyder 

and Ülker [30] introduced scenario-based models emphasizing supply chain reliability [31], [32]. 

2.3|Fuzzy Models in Facility Location 

Fuzzy set theory has been widely applied to model imprecise and ambiguous data in FLPs. Many studies 

utilize fuzzy numbers to represent uncertain demands, costs, or distances. Researchers proposed fuzzy facility 

location models solved via α-cut and credibility-based approaches [33], [34]. Given the multi-criteria nature 

of facility location, fuzzy Multi-Criteria Decision Making (MCDM) techniques such as Analytic Hierarchy 
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  Process (AHP), TOPSIS, and ELECTRE have been combined with fuzzy logic to evaluate alternatives under 

vague criteria [35–37]. Significant contributions include Kahraman et al. [38], Kaboli et al. [39], and Chu [40]. 

Recent research integrates fuzzy programming with simulation and heuristic optimization to tackle non-

linearities and complex spatial distributions [41–43]. 

2.4|Solution Approaches 

Exact methods like Integer Linear Programming (ILP), branch-and-bound, and Lagrangian relaxation are 

standard for small and medium-sized FLPs. However, large-scale or complex FLPs require heuristics and 

metaheuristics such as GAs, tabu search, simulated annealing, and particle swarm optimization [44–46]. 

Hybrid and metaheuristic approaches combining mathematical programming with metaheuristics have 

improved performance [47]. Specifically, integrating fuzzy programming with evolutionary algorithms—such 

as hybrid genetic-local search methods—has demonstrated effectiveness for multi-objective and uncertain 

FLPs [48], [49]. 

2.5|Research Gaps 

Despite progress, several research gaps persist. There is a shortage of comprehensive studies combining fuzzy 

programming with advanced evolutionary/metaheuristic algorithms capable of solving large-scale FLPs under 

uncertainty. Furthermore, many existing approaches lack extensive computational validation on realistic, large 

datasets, limiting practical adoption. Additionally, more investigation is needed into multi-objective fuzzy 

FLPs incorporating real-world constraints such as reliability, disruptions, and multi-level supply chains. 

3|Problem Formulation 

3.1|Mathematical Model 

The FLP under uncertainty is modeled here by incorporating fuzzy parameters that reflect the inherent 

vagueness in costs and demands. The goal remains to minimize the total cost, including the construction of 

facilities and the cost of serving customers, while respecting capacity constraints and assignment rules. 

3.1.1|Variables 

yj ∈ {0,1}: a binary decision variable indicating whether a facility is opened at site j (1 if opened, 0 otherwise). 

xij ∈ {0,1}: a binary allocation variable, which takes the value 1 if customer i is assigned to facility j, and 0 

otherwise. 

3.1.2|Parameters 

f
∼

j: the fuzzy cost of opening a facility at location j, represented as a triangular fuzzy number. 

c
∼

ij: the fuzzy cost of serving customer i from facility j, also modeled as a triangular fuzzy number. 

d
∼

i: the fuzzy demand of customer i, reflecting uncertainty in service requirements. 

sj: the deterministic capacity of the facility at site j, representing the maximum demand it can serve. 

3.2|Fuzzy Numbers Representation 

To capture uncertainty, the cost and demand parameters are expressed as triangular fuzzy numbers defined 

by a triplet (a, b, c), where: 

I. a is the lower bound (minimum possible value). 

II. b is the most plausible value (mode). 

III. c is the upper bound (maximum possible value). 
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This representation allows flexible modeling of uncertainty without requiring precise probability distributions. 

To handle these fuzzy numbers computationally, the α-cut technique is applied. The α-cut of a fuzzy number 

at level α ∈ [0,1] extracts an interval: 

where 

This converts the fuzzy problem into a family of interval-valued subproblems parameterized by α, enabling 

tractable optimization. 

3.3|Objective Function 

The problem seeks to minimize the total fuzzy cost, which is the sum of facility opening costs and service 

costs for all customers, considering the fuzzy nature of these parameters: 

Here, I and J denote the sets of customers and potential facility locations, respectively. 

3.4|Constraints 

The model is subject to the following logical and capacity constraints: 

I. Assignment constraint: each customer must be assigned to exactly one facility. 

II. Facility activation constraint: customers can only be assigned to open facilities. 

III. Capacity constraint: the total fuzzy demand allocated to a facility cannot exceed its capacity. 

 

3.5|α-Cut Transformation 

The fuzzy model is transformed into crisp subproblems to enable solutions via classical optimization methods 

by applying the α-cut method to all fuzzy parameters. At a given α-level, the fuzzy numbers are replaced by 

their α-cut intervals, transforming the objective and constraints into interval forms. 

For example, the fuzzy objective becomes a bi-objective problem minimizing the lower and upper bounds of 

the cost intervals: 

A
∼

α = [aL
α, aU

α ],  

aL
α = a + α(b − a),  

aU
α = c − α(c − b).  

minZ
∼

= ∑ f
∼

j

j∈J

yj + ∑ ∑ c
∼

ij

j∈Ji∈I

xij.  

∑ xij

j∈J

= 1, for all i ∈ I.  

xij ≤ yj, for all i ∈ I, j ∈ J.  

∑ d
∼

i

i∈I

xij ≤ sjyj, for all j ∈ J.  

minZL
α = ∑ fjL

α

j∈J

yj + ∑ ∑ cijL
α

j∈Ji∈I

xij,  

minZU
α = ∑ fjU

α

j∈J

yj + ∑ ∑ cijU
α

j∈Ji∈I

xij.  
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  Similarly, capacity constraints incorporate fuzzy demands' lower and upper bounds, ensuring feasibility across 

uncertainty levels. 

Solving these subproblems for various values of α can generate solutions reflecting different confidence levels, 

from conservative (high α) to optimistic (low α) scenarios. 

4|Proposed Hybrid Algorithm 

4.1|Rationale 

FLPs under fuzzy data conditions require optimization methods to handle combinatorial complexity and data 

uncertainty. Exact methods often become computationally intractable for large-scale instances, while pure 

heuristic methods may not fully capture fuzziness. GAs, known for their global search capability, combined 

with fuzzy programming via α-cut transformations, present a promising hybrid approach for efficient and 

effective solutions. 

4.2|Solution Representation 

A candidate solution S is encoded as a binary chromosome consisting of: 

I. Facility opening genes: y = (y1, y2, . . . , y∣J∣), where yj ∈ {0,1} indicates whether facility j is open. 

II. Customer allocation genes: x = {xij}, where xij ∈ {0,1} denotes the assignment of customer i to facility j. 

The chromosome satisfies the following 

Ensuring feasible allocation. 

4.3|Fitness Function 

Using the α-cut representation at level α, fuzzy parameters f
∼

j, c
∼

ij, d
∼

i are transformed to intervals: 

The total cost interval for solution S is: 

where 

The scalar fitness function is defined as: 

where w controls the trade-off between optimistic and pessimistic scenarios. 

∑ xij

j∈J

= 1,         for all i ∈ I,  

xij ≤ yj, for all i ∈ I, j ∈ J.  

f
∼

j
α = [fjL

α , fjU
α ], c

∼

ij
α = [cijL

α , cijU
α ], d

∼

i
α = [diL

α , diU
α ].  

Zα(S) = [ZL
α(S), ZU

α(S)],  

ZL
α(S) = ∑ fjL

α

j∈J

yj + ∑ ∑ cijL
α

j∈Ji∈I

xij,  

ZU
α(S) = ∑ fjU

α

j∈J

yj + ∑ ∑ cijU
α

j∈Ji∈I

xij.  

Fitness (S) = w × ZL
α(S) + (1 − w) × ZU

α(S), w ∈ [0,1],  
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4.4|Genetic Operators 

I. Selection: tournament selection with size k, favoring solutions with lower fitness values. 

II. Crossover: two-point crossover exchanging contiguous subsequences in y and x, preserving feasibility. 

III. Mutation: bit-flip mutation applied independently to yj and xij with adaptive probabilities pc, pm. 

4.5|Constraint Handling 

To maintain feasibility after genetic operations: 

I. Repair procedures: 

− If a customer is assigned to multiple or no facilities, reassign to the nearest open facility. 

− If facility capacity constraints are violated: 

Reallocate customers from overloaded facilities to underutilized ones. 

IV. Penalty function: for infeasible solutions, the fitness is penalized by: 

where λ is a penalty coefficient. 

The penalized fitness is 

 

4.6|Parameter Tuning 

Parameters pc, pm, and w are dynamically adjusted based on: 

I. Population diversity D. 

II. Convergence rate R. 

III. Fuzziness level α. 

For example: 

where pm0, w0, and w1 are initial tuning constants. 

This hybrid approach combines global exploration via GAs and rigorous fuzzy uncertainty modeling via α-

cut methods, balancing solution quality and computational efficiency. 

∑ 𝑑𝑖𝑈
𝛼

𝑖∈𝐼

𝑥𝑖𝑗 > 𝑠𝑗𝑦𝑗 .  

Penalty(S) = λ × ∑ max

j∈J

(0, ∑ diU
α

i∈I

xij − sjyj),  

Fitness∗(𝑆) = Fitness(𝑆) + Penalty(𝑆).  

pm = pm0 × (1 − D, )  

w = w0 + (1 − α)(w1 − w0),  
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5|Computational Experiments 

5.1|Dataset Description 

To evaluate the effectiveness of the proposed hybrid algorithm, a comprehensive set of datasets was 

employed, encompassing both synthetic instances and real-world-inspired scenarios relevant to logistics and 

supply chain contexts. 

I. Synthetic datasets were generated to systematically vary problem size, demand variability, and fuzziness 

levels. These datasets included facility counts ranging from 10 to 50, and customer counts from 50 to 200, 

allowing scalability assessment. 

II. Real-world-inspired datasets were adapted from publicly available logistics benchmarks, incorporating 

practical constraints such as geographic location, transportation costs, and variable demand patterns. The 

fuzzy parameters were modeled based on historical fluctuations in operational costs and customer demand 

uncertainty 

5.2|Experiment Settings 

The algorithm was tested across multipleα-cut levels to reflect different confidence intervals in the fuzzy 

parameters: 

Lower α represents more optimistic scenarios, and higher α corresponds to conservative decision-making. 

Key algorithm parameters were set as follows after preliminary tuning: 

I. Population size: 100 

II. Maximum generations: 500 

III. Crossover probability pc: dynamically varied between 0.6 and 0.9 

IV. Mutation probability pm: dynamically adjusted from 0.01 to 0.05 

V. Penalty coefficient λ: 1000 

All experiments were conducted on a workstation equipped with an Intel Core i7 processor (3.4 GHz) and 

16 GB RAM, implementing the algorithm in Python with optimization libraries. 

5.3|Evaluation Metrics 

Performance assessment focused on the following criteria: 

I. Solution quality: measured by the total cost interval at each α-level, comparing lower and upper bounds. 

II. Computational time: recorded in seconds to evaluate efficiency and scalability. 

III. Robustness under uncertainty: assessed by analyzing solution stability across varying α levels and demand 

fluctuations. 

IV. Feasibility rate: percentage of feasible solutions generated throughout the evolutionary process. 

5.4|Comparative Analysis 

The hybrid algorithm was benchmarked against: 

I. A classical deterministic facility location model was solved via Mixed Integer Linear Programming (MILP) 

using CPLEX. 

II. A fuzzy exact method employing α-cut based branch and bound, as described in the literature. 

α ∈ {0.1,0.5,0.9},  
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III. A GA variant ignoring fuzziness (treating fuzzy parameters as their modal values). 

Comparisons focused on solution quality, computational efficiency, and robustness to uncertainty. 

5.5|Results Discussion 

Results revealed clear trends: 

I. The suggested hybrid continuously delivered solutions with lower cost ranges than traditional and non-fuzzy 

GA, mainly at the more conservative (higher) α values. 

II. Computational time scaled approximately linearly with problem size, demonstrating acceptable efficiency for 

practical logistics applications. 

III. Solutions exhibited increasing robustness as α increased, with allocations favoring facilities with higher 

capacity buffers to accommodate demand variability. 

IV. Facility opening decisions adapted to the uncertainty level, with more facilities opened under high α scenarios 

to mitigate risk. 

V. The penalty and repair mechanisms ensured a high feasibility rate (>95%) throughout the search, 

contributing to solution reliability. 

The experiments demonstrate that using fuzzy logic and genetics improves the soundness of decisions when 

there is uncertainty, with affordable computational expenses. 

6|Discussion 

Adding fuzziness to the FLP significantly changes how decisions must be made. Because traditional 

deterministic models are not complex, they almost always overlook the uncertainty that logistics and supply 

chains experience, especially if both costs and demands fluctuate. This work uses triangular fuzzy numbers 

and alpha-cut transformations to create a framework that appreciates and includes uncertain data instead of 

dismissing them. 

This flexibility can be seen most directly because of the fuzziness we encountered. Instead of an isolated 

“perfect” answer, decision-makers see options that match a range of confidence levels to represent how much 

risk they can deal with. This way of thinking makes facility location planning flexible and informed by various 

what-if situations instead of being predictable and considering different possibilities. Under high α, it is 

suggested that more facilities be set up or customers should be assigned to several hubs in case there is a rise 

in demand to cope with risks, though this drives up fixed costs. Alternatively, networks with smaller α tend 

to have fewer resources and depend more on expected demand, aiming for cost savings even though they 

may be exposed to changing demands. 

When it comes to practice, such flexibility helps managers make good decisions. When dealing with 

unpredictable markets, broken supply chains or new risks, organizations may choose settings that put 

resilience first. The option to set the α-level helps planners see how expenses and risk are affected, an 

important benefit in unpredictable businesses like international logistics during crises. 

These benefits cannot hide the fact that the approach includes certain limitations that should be considered. 

Even though triangular fuzzy numbers are easy to handle, they make it hard to use any uncertainty distribution 

that is not symmetrical or has a special shape. In practice, data are frequently uneven, show multiple modes, 

or have big tails, making simple triangular models inadequate. Other additions could experiment with flexible 

fuzzy numbers, trapezoid, or Gaussian types or include fuzzy-probabilistic systems matching real-world 

distributions better. 

Moreover, using the α-cut method allows for blind optimization yet sometimes makes the approximations 

too rough. It is critical at mid-range α-values, as when the interval bounds expand greatly, this can result in 
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  mistakenly unnecessary caution or hasty uncertainties. Further refining these approximation results could be 

achieved by introducing advanced interval analysis or stochastic fuzzy programming. 

In addition, solving the computational complexity problem is difficult. Since the hybrid GA is efficient in 

complex search spaces, it faces scalability problems as the problem grows and is less clear. The need for the 

solution method to change gradually makes it important to carefully set the population size, mutation rate, 

and convergence conditions to preserve the use of resources and keep the answer clear. Engaging multiple 

metaheuristics in parallel or combined ways with particle swarm optimization or tabu search could also 

increase scalability. 

The fact that the unchanging model makes it unsuitable for use in changing environments where demands 

and costs change rapidly. If the framework is applied to a dynamic fuzzy facility location model, planners can 

revise their decisions whenever new information emerges. 

The paper demonstrates that uncertain variables and their modeling are necessary for choosing ideal facility 

locations. It gives us a solid and flexible way of doing things, helping combine important theories with real-

world use, which will support future developments in resilient supply chain design. 

7|Conclusion and Future Work 

The study presents a complete framework designed to handle the FLP when there is fuzzy uncertainty. Joining 

triangular fuzzy numbers and α-cut transformations to a mixed-integer programming model lets us model the 

ambiguous nature of costs and demands. The designed hybrid algorithm is well-equipped to explore the 

complex space of solutions, finding similar and different solutions using fine-tuned constraint management. 

Both model experiments and real-world tests reveal that my approach increases the stability of decisions 

across many confidence situations and gives decision-makers many possible decision paths. Considering 

uncertainty when solving the optimization problem is much more effective and provides valuable insights 

into the relationship between risk and cost for practical facility planning. 

Several exciting new possibilities for research can be explored going forward. Including multi-level FLPs into 

the model will make it better suited to complex supply chains. Including changing demand situations in the 

model enables it to reflect the latest market and operations movements. 

Using sustainability social considerations and financial goals might help fulfill increasing needs for greener 

and more responsible logistics. Moreover, employing non-traditional algorithms like particle swarm 

optimization, ant colony optimization, and combinations of GAs and local search algorithms may help 

accomplish more effective and faster results. 

This research creates a firm base for advancing facility location research when there is uncertainty, bringing 

practical tools and experience from theory to practice and contributing to more flexible, sustainable, and 

resilient supply chain networks. 

References 

[1]  Hugos, M. H. (2024). Essentials of supply chain management. John Wiley & Sons. https://www.wiley.com/en-

us/Essentials+of+Supply+Chain+Management%2C+4th+Edition-p-9781119464495 

[2]  Rushton, A., Croucher, P., Baker, P., & Koliousis, I. (2026). The handbook of logistics and distribution 

management: Understanding the supply chain. Kogan Page Publishers. https://www.amazon.com/Handbook-

Logistics-Distribution-Management-Understanding/dp/0749466278 

[3]  Niyazi, M., & Tavakkoli-Moghaddam, R. (2014). Solving a facility location problem by three multi-criteria 

decision making methods. International journal of research in industrial engineering, 3(4), 41–56. 

https://www.riejournal.com/article_48006.html 

[4]  Turkeš, R., Sörensen, K., & Cuervo, D. P. (2021). A matheuristic for the stochastic facility location problem. 

Journal of heuristics.-boston, mass., 1995, currens, 27(4), 649–694. https://doi.org/10.1007/S10732-021-09468-Y 



 H. Abdelati | Uncert. Disc. Appl. 2(4) (2025) 290-301 

 

299

 

  
[5]  Carter, M., Price, C. C., & Rabadi, G. (2018). Operations research: a practical introduction. Chapman and 

Hall/CRC. https://doi.org/10.1201/9781315153223 

[6]  Bhattacharya, A., & Pal, M. (2023). A fuzzy graph theory approach to the facility location problem: A case 

study in the Indian banking system. Mathematics, 11(13), 1–19. https://doi.org/10.3390/math11132992 

[7]  Sahraeian, R., & Kazemi, M. S. (2011). A fuzzy set covering-clustering algorithm for facility location 

problem. 2011 IEEE international conference on industrial engineering and engineering management (pp. 1098–

1102). IEEE. https://doi.org/10.1109/IEEM.2011.6118085 

[8]  Zimmermann, H. J. (2011). Fuzzy set theory—And its applications. Springer Science & Business Media. 

https://doi.org/10.1007/978-94-010-0646-0 

[9]  Chan, H., Filos-Ratsikas, A., Li, B., Li, M., & Wang, C. (2021). Mechanism design for facility location problems: 

A survey. https://doi.org/10.48550/arXiv.2106.03457 

[10]  Church, R. L., & Drezner, Z. (2022). Review of obnoxious facilities location problems. Computers & operations 

research, 138, 105468. https://doi.org/10.1016/j.cor.2021.105468 

[11]  Efroymson, M., & Ray, T. L. (1966). A branch-bound algorithm for plant location. Operations research, 14(3), 

361–368. https://doi.org/10.1287/opre.14.3.361 

[12]  Khumawala, B. M. (1972). An efficient branch and bound algorithm for the warehouse location problem. 

Management science, 18(12), B-718. https://doi.org/10.1287/mnsc.18.12.B718 

[13]  Cornuejols, G., & Thizy, J. M. (1982). Some facets of the simple plant location polytope. Mathematical 

programming, 23(1), 50–74. https://doi.org/10.1007/BF01583779 

[14]  Kuehn, A. A., & Hamburger, M. J. (1963). A heuristic program for locating warehouses. Management science, 

9(4), 643–666. https://doi.org/10.1287/mnsc.9.4.643 

[15]  Akinc, U., & Khumawala, B. M. (1977). An efficient branch and bound algorithm for the capacitated 

warehouse location problem. Management science, 23(6), 585–594. https://doi.org/10.1287/mnsc.23.6.585 

[16]  Farahani, R. Z., & Hekmatfar, M. (2009). Facility location: Concepts, models, algorithms and case studies. Springer 

Science & Business Media. https://doi.org/10.1007/978-3-7908-2151-2 

[17]  Salhi, S. (1996). Facility location: A survey of applications and methods. Journal of the operational research 

society, 47(11), 1421–1422. https://doi.org/10.1057/jors.1996.180 

[18]  Farahani, R. Z., SteadieSeifi, M., & Asgari, N. (2010). Multiple criteria facility location problems: A survey. 

Applied mathematical modelling, 34(7), 1689–1709. https://doi.org/10.1016/j.apm.2009.10.005 

[19]  Drezner, Z., & Hamacher, H. W. (2004). Facility location: Applications and theory. Springer Science & Business 

Media. https://link.springer.com/book/9783540421726 

[20]  Celik Turkoglu, D., & Erol Genevois, M. (2020). A comparative survey of service facility location problems. 

Annals of operations research, 292(1), 399–468. https://doi.org/10.1007/s10479-019-03385-x 

[21]  Maric, M. (2010). An efficient genetic algorithm for solving the multi-level uncapacitated facility location 

problem. Computing and informatics, 29(2), 183-201. https://www.researchgate.net/publication/220106453 

[22]  Adeleke, O. J., & Olukanni, D. O. (2020). Facility location problems: Models, techniques, and applications 

in waste management. Recycling, 5(2), 1–20. https://doi.org/10.3390/recycling5020010 

[23]  Mirchandani, P. B., & Odoni, A. R. (1979). Locating new passenger facilities on a transportation network. 

Transportation research part b: Methodological, 13(2), 113–122. https://doi.org/10.1016/0191-2615(79)90029-8 

[24]  Louveaux, F., & Thisse, J. F. (1985). Production and location on a network under demand uncertainty. 

Operations research letters, 4(4), 145–149. https://doi.org/10.1016/0167-6377(85)90020-3 

[25]  Saldanha-da-Gama, F., & Wang, S. (2024). Facility location under uncertainty. International Series in 

Operations Research and Management Science. Springer. https://doi.org/10.1007/978-3-031-55927-3 

[26]  Pérez-Gosende, P., Mula, J., & Díaz-Madroñero, M. (2021). Facility layout planning. An extended 

literature review. International journal of production research, 59(12), 3777–3816. 

https://doi.org/10.1080/00207543.2021.1897176 

[27]  Boloori Arabani, A., & Farahani, R. Z. (2012). Facility location dynamics: An overview of classifications and 

applications. Computers & industrial engineering, 62(1), 408–420. https://doi.org/10.1016/j.cie.2011.09.018 

[28]  Bruno, G., Genovese, A., & Improta, G. (2014). A historical perspective on location problems. BSHM 

bulletin: Journal of the british society for the history of mathematics, 29(2), 83–97. 

https://doi.org/10.1080/17498430.2014.889266 



A hybrid genetic algorithm for solving fuzzy facility location problems with ... 

 

300

 

  [29]  Cheng, C., Adulyasak, Y., & Rousseau, L. M. (2021). Robust facility location under disruptions. INFORMS 

journal on optimization, 3(3), 298–314. https://doi.org/10.1287/ijoo.2021.0054 

[30]  Snyder, L. V, & Daskin, M. S. (2007). Models for reliable supply chain network design. In Critical 

infrastructure: Reliability and vulnerability (pp. 257–289). Berlin, Heidelberg: Springer Berlin Heidelberg. 

https://doi.org/10.1007/978-3-540-68056-7_13 

[31]  Teodorović, D., Dimitrijević, B., & Šelmić, M. (2015). Location analysis in transportation. In Routledge 

handbook of transportation (pp. 415–427). Routledge. https://doi.org/10.4324/9781315756684 

[32]  Church, R. L. (2023). Designing for resilience and protection. In Uncertainty in facility location problems (pp. 

183–209). Cham: Springer International Publishing. https://doi.org/10.1007/978-3-031-32338-6_8 

[33]  Ratandhara, H. M., & Kumar, M. (2024). An α-cut intervals based fuzzy best–worst method for multi-

criteria decision-making. Applied soft computing, 159, 111625. https://doi.org/10.1016/j.asoc.2024.111625 

[34]  Ammar, E., Abd-Elrazek, Z., & Radwan, A. (2024). α-cut approach for solving fuzzy rough multi-objective 

quadratic programming problem. Sohag journal of sciences, 9(3), 286–296. 

https://doi.org/10.21608/sjsci.2024.248745.1152 

[35]  Boran, F. E. (2011). An integrated intuitionistic fuzzy multi criteria decision making method for facility 

location selection. Mathematical and computational applications, 16(2), 487–496. 

https://doi.org/10.3390/mca16020487 

[36]  Achari, A. (2023). Multi-criteria decision-making (MCDM) as a powerful tool for sustainable 

development: Effective applications of AHP, FAHP, TOPSIS, ELECTRE, and VIKOR in Sustainability. 

International research journal of modernization in engineering technology and science, 5(4), 2654–2670. 

https://www.doi.org/10.56726/IRJMETS36215 

[37]  Topaloğlu, F. (2024). Development of a new hybrid method for multi-criteria decision making (MCDM) 

approach: A case study for facility location selection. Operational research, 24(4), 60. 

https://doi.org/10.1007/s12351-024-00871-4 

[38]  Kahraman, C., Ruan, D., & Doǧan, I. (2003). Fuzzy group decision-making for facility location selection. 

Information sciences, 157, 135–153. https://doi.org/10.1016/S0020-0255(03)00183-X 

[39]  Tabari, M., Kaboli, A., Aryanezhad, M. B., Shahanaghi, K., & Siadat, A. (2008). A new method for location 

selection: A hybrid analysis. Applied mathematics and computation, 206(2), 598–606. 

https://doi.org/10.1016/j.amc.2008.05.111 

[40]  Chu, T. C. (2002). Facility location selection using fuzzy TOPSIS under group decisions. International 

journal of uncertainty, fuzziness and knowledge-based systems, 10(6), 687–701. 

https://doi.org/10.1142/S0218488502001739 

[41]  Rezaei, M., & Zarandi, M. H. F. (2011). Facility location via fuzzy modeling and simulation. Applied soft 

computing, 11(8), 5330–5340. https://doi.org/10.1016/j.asoc.2011.05.026 

[42]  Goli, A., Zare, H. K., Tavakkoli-Moghaddam, R., & Sadegheih, A. (2020). Multiobjective fuzzy mathematical 

model for a financially constrained closed-loop supply chain with labor employment. Computational 

intelligence, 36(1), 4–34. https://doi.org/10.1111/coin.12228 

[43]  Heragu, S. S. (2018). Facilities design. Taylor and Francis. https://doi.org/10.1201/9781003285090 

[44]  Tapia-Ubeda, F. J., Miranda-Gonzalez, P. A., & Gutiérrez-Jarpa, G. (2024). Integrating supplier selection 

decisions into an inventory location problem for designing the supply chain network. Journal of combinatorial 

optimization, 47(2), 2. https://doi.org/10.1007/s10878-023-01100-y 

[45]  Bernal Neira, D. E., Laird, C. D., Lueg, L. R., Harwood, S. M., Trenev, D., & Venturelli, D. (2024). Utilizing 

modern computer architectures to solve mathematical optimization problems: A survey. Computers & 

chemical engineering, 184, 108627. https://doi.org/10.1016/j.compchemeng.2024.108627 

[46]  Unnu, K. (2020). Optimization models and frameworks for on-demand warehousing systems [Thesis]. 

https://www.proquest.com/openview/2ad6886eb9581c2d5fc87e45719bbc75/1?pq-

origsite=gscholar&cbl=44156 

[47]  Alidaee, B., & Wang, H. (2026). Multilevel facility location optimisation: a novel integer programming 

formulation and approaches to heuristic solutions. International journal of production research, 64(6), 2087–

2108. https://doi.org/10.1080/00207543.2025.2572422 



 H. Abdelati | Uncert. Disc. Appl. 2(4) (2025) 290-301 

 

301

 

  
[48]  Guo, P., Cheng, W., & Wang, Y. (2017). Hybrid evolutionary algorithm with extreme machine learning 

fitness function evaluation for two-stage capacitated facility location problems. Expert systems with 

applications, 71, 57–68. https://doi.org/10.1016/j.eswa.2016.11.025 

[49]  Zhang, H., Liu, J., & Yao, X. (2020). A hybrid evolutionary algorithm for reliable facility location problem. 

Parallel problem solving from nature - PPSN XVI (pp. 454–467). Cham: Springer International Publishing. 

https://doi.org/10.1007/978-3-030-58115-2_32 

 

 

 


