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Introduction 

Facility location decisions represent critical strategic choices with far-reaching implications across public 
and private sectors. The Maximal Covering Location Problem (MCLP), first introduced by Church and 
ReVelle [1] in 1974, has emerged as one of the most influential models in location science due to its practical 
relevance and mathematical elegance. MCLP addresses the fundamental challenge of optimally positioning 
a limited number of facilities to maximize service coverage to demand populations under distance or time 
constraints.  

The enduring significance of MCLP stems from its widespread applications across numerous domains. In 
public health, it guides the placement of emergency medical services and vaccination centers to maximize 
population access within critical response times [2]. In urban planning, MCLP informs the location of public 
facilities like libraries, schools, and fire stations to ensure equitable service distribution [3]. Retail 
corporations employ MCLP to strategically position stores and distribution centers to maximize market 
reach while respecting budget constraints [4].  

The classical MCLP formulation seeks to locate p facilities on a network such that the covered demand 
weight is maximized, where coverage is defined by a predetermined critical distance or time threshold. This 
coverage radius represents a fundamental parameter that directly influences solution characteristics and 
reflects real-world service standards, such as 8-minute response times for emergency services or 15-minute 
access thresholds for public amenities [5]. 

MCLP becomes particularly relevant in resource-constrained environments where budgetary limitations 
prevent universal coverage. Rather than attempting to cover all demand points, which may be economically 
infeasible, decision makers must make strategic trade-offs to maximize coverage within fixed budgets [6]. 
This constrained optimization framework has motivated extensive research into efficient solution 
methodologies, ranging from exact algorithms for small instances to heuristic and metaheuristic approaches 
for large-scale practical problems. 

Over the decades, numerous extensions to the original MCLP have been developed, including probabilistic 
coverage models, multi-objective formulations, and dynamic problems. Despite these advancements, the 
core MCLP remains a cornerstone un location theory due to its computational challenge and practical utility. 
The problem’s NP-hard nature [7] ensures that developing efficient heuristics approaches continues to be 
an active research area with significant practical implications. 

This computational experience contributes to this ongoing research by conducting a comprehensive 
computational evaluation of constructive and local search heuristics for MCLP across multiple problem 
scales, providing insights into algorithm performance and practical implementation guidelines. 

 

  



Problem description 

The Maximal Covering Location Problem can be formally described as follows: 

Data (input information): 

- A set of demand points I, each with an associated population to be served 𝑎!. 
- A set of potential facility locations J. 
- A coverage radius or maximum service distance S. 
- A maximum number of facilities to be located p. 

Decisions (variables): 

- Decide which facility locations 𝑗	𝜖	𝐽 will be located. 
- Decide which demand points are covered by the chosen facilities. 

Optimization objective: 

- Maximize the number of people served or covered within the desired service distance. 

Constraints (feasible solution conditions): 

- At most p facilities can be located. 
- A demand point is considered covered if it is within distance S of at least one located facility. 

Mathematical Model: 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒	𝑍 = 	+𝑎! ∗ 	𝑦!
!"#

 

Subject to:	 

+𝑥$ ≥	𝑦!
$"%!

												∀𝑖	𝜖	𝐼 
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𝑥$ 	𝜖	{0,1}											∀𝑗	𝜖	𝐽  

𝑦! 	𝜖	{0,1}											∀𝑖	𝜖	𝐼 

Where: 

 I = denotes the set of demand nodes. 



 J = denotes the set of facility sites. 

 S = maximum service distance. 

 𝑑!$ = the shortest distance from node i to node j. 

 𝑁! = {	𝑗	𝜖	𝐽	|	𝑑!$ ≤ 𝑆} = set of facility sites that can “cover” demand node i. 

 𝑎! = population to be served at demand node i. 

 p = number of facilities to be located. 

 𝑥$ = 1 if a facility is located at site j, 0 otherwise. 

  𝑦! = 1 if demand node i is covered, 0 otherwise. 

 

Problem example 

Population growth and industrialization in Nuevo León have significantly increased the generation of 
municipal and industrial solid waste. However, a large share of recycled materials (PET, cardboard, metals) 
does not reach collection centers because of the distance residents must travel to dispose of them properly. 

In this context there is a clear need to decide where to locate a limited number of recycling collection centers 
so that the maximum possible amount of recyclable waste si captured within a maximum acceptable service 
distance.  

We consider a set of municipalities J, each associated with an estimated amount pf recyclable waste 
generated per day (wj). The set of potential sites I coincides with these municipalities. 

The goal is to open exactly p recycling centers in such a way that the total recyclable waste covered is 
maximized, where a municipality is considered covered if it lies in a maximum distance S from at least one 
open site. 

Small instance: 

- Demand nodes (also candidate sites): A–F 
- Weight = recyclable tons/day (objective weight) 
- Parameters: p = 2 centers, S = 2 km service radius 

 

node x y weight 
A 0 0 12 
B 2.5 0.5 10 
C 1 2.8 14 



D 4 3.2 9 
E 5.2 0.2 11 
F 3 -1.5 8 

 

The image shows the feasible solution where we open at C and E; each circle is the 2 Km service radius. 

 

- Chosen open sites (feasible): {C, E} 
- A demand node j is considered covered if at least one facility i in {C, E} is located within the 

service distance S of j. 
- Objective value is equal to the sum of weights of covered nodes. 

 

Check coverage 

node weight Covered by C or E? Contribution 
A 12 No 12 
B 10 No 10 
C 14 Yes 14 
D 9 No 9 
E 11 Yes 11 
F 8 No 0 

 

Z = 14 + 11 = 25 

Description of Heuristics 



Constructive Heuristic: Greedy Adding 

The Greedy Adding heuristic represents a myopic approach that sequentially selects facilities offering the 
maximum marginal coverage improvement. This method belongs to the class of greedy algorithms known 
for their computational efficiency and reasonable solution quality. 

 

 

Computational complexity: The algorithm exhibits O(p*m*n) time complexity, where p is the number of 
facilities, m is the number of demand points, and n is the number of potential sites. 

Local Search: Swap Neighborhood  



Local search serves as an improvement procedure to enhance solutions obtained from constructive 
heuristics. The swap neighborhood examines pairwise exchanges between selected and unselected 
facilities, employing a best-improvement strategy. 

 

The swap neighborhood size is O(p*(n-p)), making exhaustive exploration feasible for moderate-sized 
problems. The best-improvement strategy ensures convergence to local optimal.  

Computational Work 

To comprehensively evaluate heuristic performance, we generated three sets of problem instances with 
varying scales: 

- SET_100: 20 instances with 100 demand points, 30 potential sites, 8 facilities 



- SET_1000: 20 instances with 1000 demand points, 100 potential sites, 15 facilities 
- SET_10000: 20 instances with 10000 demand points, 200 potential sites, 25 facilities 

Coverage matrices were generated with controlled densities (12%, 8% and 5% respectively) to ensure 
challenging yet solvable instances that simulate real-world spatial distributions. 

We evaluated algorithm performance using coverage percentage, computational time, improvement from 
local search and swap count. 

Implementation details: 

All algorithms were implemented in Python 3.13.9 using NumPy for efficient matrix operations. 
Experiments were conducted on an Apple MacBook Air with Apple M4 chip and 24GB RAM. Each 
instance was solved independently to ensure statistical reliability. 

Results by problem scale 

Set 1(Small instances): 

- Constructive coverage: 77.1% to 89.0% 
- Average relative improvement: 0.81% 
- Instances improved: 8/20 (40%) 
- Average computational time: 0.003 seconds 

 

Set 2 (Medium instances) 

- Constructive coverage: 76.6% to 77.4% 
- Average relative improvement: 0.29% 
- Instances improved: 12/20 (60%) 
- Average computational time: 0.12 seconds 

Performance Summary {

}

Set 1 Results (Small instances)



 

Set 3 (Large Instances) 

- Constructive coverage: 76.6% to 77.4% 
- Average relative improvement: 0.20% 
- Instances improved: 16/20 (80%) 
- Average computational time for constructive heuristic: 5.3 seconds  
- Average computational time for local search: 11.2 seconds 

 

 

Conclusions 

This computational study demonstrates that simple, yet well-designed heuristics can achieve high-
quality solutions for the Maximal Covering Location Problem. The Greedy Adding heuristic 
proved exceptionally effective, achieving 77-89% coverage across problem scales with minimal 
computational requirements. Local search with swap neighborhoods provided valuable 
refinements. 

 

Performance Summary {

}

Set 2 Results (Medium Instances)

Performance Summary {

}

Set 3 Results (Large Instances)
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