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Executive Summary 
 

This research addresses the development of optimization models for the hospital facility 

location problem in the prefecture of Casablanca, as well as a case of fire simulation in Ifrane 

National Park. In the first part, it focuses on introducing three optimization models to generate 

optimal locations of facility hospitals in the prefecture of Casablanca. Then, it addresses a new 

problem with the objective of deploying fire engines into fire locations in order to minimize the 

time to go back to the depot or to the last fire location. 

 

We first formulate the facility location problem using the P-Median problem as an integer 

programming model that minimizes the total weighted distance traveled by district prefectures’ 

populations to reach a servicing facility. Afterwards, we solve the facility location problem by 

applying the P-Center problem with the objective of minimizing the maximum distance covered 

by the population of any district prefecture to one of its servicing hospitals. Next, we model the 

facility location problem using the maximal covering location problem (MCLP) as a 

maximization problem that would cover as many demand points as possible within a predefined 

and fixed distance. Finally, we simulate a fire in different locations of the National Park of 

Ifrane to determine the least time by which emergency units may go back to the depot (first 

node) after putting out fires, assuming 3 hours are enough to extinguish each fire. Then, other 

models are proposed to improve the initial solution found with the usual TSP. 

 

Additionally, this paper uses Google Maps to estimate accurately the real travelling distance 

from district prefectures to facility hospitals. All the models included are coded with Julia that 

uses JuMP as an algebraic modeling language, and solved using the Gurobi Optimizer Solver.  

 

All the research and analysis conducted go along with the fundamental assumptions of science. 

In other words, scientific results obtained as part of this study are measurable and reproducible. 

Besides, experiments have been repeated more than twice to ensure the precision of results.  

 

 

 



iv 
 

Acronyms  
 

 

ASTP: Asymmetric Traveling Salesman Problem 

 

B&B: Branch and Bound 

 

B&C: Branch and Cut 

 

CHP: Prefectural Hospital Center 

 

CHU: University Hospital Center 

 

CHR: Regional Hospital Center 

 

COP: Combinatorial Optimization Problems 

 

CSV: Comma Separated Variable 

 

GDP: Gross Domestic Profit 

 

GIS: Geographic Information System 

 

MCLP: The Maximal Covering Location Problem  

 

MTSP: Multiple Traveling Salesmen Problem 

 

NNA: Nearest Neighbor Algorithm 

 

OTSP: Open Traveling Salesmen Problem 

 

SAMU: Emergency Medical Assistance Services 

 

TSP: Traveling Salesman Problem 

 

TSPB: Traveling Salesman Problem with Backhauls 

 

TSPPD: The Traveling Salesman Problem with Pickup and Delivery 

 

TSPSDP: The Traveling Salesman Problem with Simultaneous Pickup and Delivery 

 

TSPTW: Traveling Salesman Problem with Time Windows 

 

 



v 
 

Acknowledgments 
 

First and foremost, I would like to express my profound gratitude to my supervisor, Dr. Naeem 

Nisar Sheikh, for his important advice, for the time he dedicated to suggest modifications to my 

formulations, and for his efforts to make this report free of technical mistakes. Also, I would 

like to offer my sincere thanks and appreciation to my former professor of Logistics 

Engineering, Dr. Douglas Bish, whose teaching and guidance have had a major influence on 

me to choose the subject of this project. 

 

I would like to thank all the friends I have had at Al Akhawayn University, for their endless 

support and the great moments we shared, and who made this journey even more gratifying and 

agreeable. Special thanks are extended to those among them who took the time to give me their 

feedback and suggest improvements on my report, on top of them Omar Salim Moussa, not to 

mention Asmaa Aferiat, who was continuously proposing her help and caring about the timely 

completion of this project.  

 

Last but definitely not least, I can never thank my cherished family enough for their invaluable 

love and many sacrifices in the process of making me achieve the best possible outcomes. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



vi 
 

Contents  
 
  List of Figures      viii  

 

  List of Tables   ix  
 

I. Introduction ............................................................................................................................ 1 

 

II. Literature Review ............................................................................................................. 3 

 

 1. The Health and Transport Sector in Morocco .............................................. 3 

  1.1 Current Status of Health Sector ..........................................................................................  3 

  1.2 Morocco in Times of Emergencies..................................................................................... 4 

  1.3 The Transport Sector .............................................................................................................. 4 

 

 2. Operations Research in Disaster and Emergency Management...... 5 

 

 3. Operations Research in the Field of Healthcare .......................................... 6 

 

 4. The Traveling Salesman Problem .......................................................................... 7 

  4.1 Historical Perspective ........................................................................................... 7 

  4.2 Definition .............................................................................................................. 8 

  4.3 Illustration ............................................................................................................. 8 

  4.4 Order of Growth in Algorithm Analysis ............................................................... 9 

  4.5 Complexity of the TSP ....................................................................................... 10 

  4.6 Combinatorial Optimization Problems and Algorithms ..................................... 10 

      4.6.1 Exact Algorithms ......................................................................................... 11 

      4.6.2 Heuristics ..................................................................................................... 12 

      4.6.3 Approximation algorithms ........................................................................... 13 

  4.7 Types .................................................................................................................. 14 

 

III. STEEPLE Analysis ........................................................................................................ 16 

 

IV. Hospital Facility Location in Casablanca............................................... 18 

 

 1. Problem Formulation .................................................................................................... 18 



vii 
 

      1.1 Data Collection .................................................................................................................. 18 

      1.2 Important Assumptions ................................................................................................... 20 

 

 2. Problem Solving ................................................................................................................ 24 

      2.1 Locating Facility Sites Using QGIS ............................................................... 24 

      2.2 Distance Estimation using Google Maps ........................................................ 26 

      2.3 Julia Programming Language ......................................................................... 27 

      2.4 Models to Solve the Facility Location Problem in Casablanca ...................... 28 

      2.4.1 P-Median Problem ................................................................................... 29 

      2.4.2 P-Center Problem ..................................................................................... 30 

      2.4.3 Maximal Covering Location Problem...................................................... 31 

      2.5 Results and Discussion ................................................................................... 33 

 

V. Simulation Study for Disaster Management ....................................... 38 

 

      1. Problem Formulation .............................................................................. 38 

 

     2. Problem Solving ........................................................................................ 41 

         2.1 The Nearest Neighbor Algorithm ............................................................. 41 

         2.2 Linear Programming ................................................................................. 43 

 

      3. Solution Improvement ............................................................................ 45 

         3.1 Exclude the Depot from the Objective Function ...................................... 45 

         3.2 Consider More Than One Fire Engine ...................................................... 45 

 

VI. Conclusion and Future work ............................................................................... 49 

 

Bibliography ....................................................................................................................................... 50 

 

APPENDIX A: Data .......................................................................................................................... 56 

 

APPENDIX B: Julia Codes .......................................................................................................... 58 

 

 

 

 

 

 

 

 



viii 
 

List of Figures 
 

Figure 1: Budget Allocation .................................................................................................... 3 

Figure 2: Illustration of the TSP ............................................................................................. 8 

Figure 3: STEEPLE Analysis ............................................................................................... 17 

Figure 4: Center Points of Casablanca Prefectures ............................................................... 25 

Figure 5: Facility Hospitals' Locations ................................................................................. 25 

Figure 6: Visualization of P-Median and P-Center Results .................................................. 34 

Figure 7: Visualization of MCLP Results (N=14 km) .......................................................... 36 

Figure 8: Visualization of MCLP Results (N=10 km) .......................................................... 37 

Figure 9: Visualization of MCLP Results (N=6 km) ............................................................ 37 

Figure 10: GPS Distance from the Depot to the First node (New Depot) ............................ 40 

Figure 11: Euclidean Distances between Fire Locations ...................................................... 40 

Figure 12: Data (Hospital Facility Location Problem) ......................................................... 58 

Figure 13: Data (TSP) ........................................................................................................... 58 

Figure 14: P-Median Code .................................................................................................... 59 

Figure 15: P-Center Code ..................................................................................................... 60 

Figure 16: Maximal Covering Problem Code ...................................................................... 61 

Figure 17: TSP Code ............................................................................................................ 62 

Figure 18: TSP Code (2 Fire Engines) .................................................................................. 63 



ix 
 

List of Tables 
 
 

Table 1: Order of Complexity of Algorithms .......................................................................... 9 

Table 2: The Population Distribution of the Casablanca Prefecture ..................................... 19 

Table 3: Number of General Hospital Beds per District Prefecture ...................................... 20 

Table 4: Required Hospital Quantity for Casablanca Prefectures Based on B1,000 ............... 21 

Table 5: Number of Citizens Covered and to Be Covered in Each Prefecture ..................... 22 

Table 6: Summary of Collected Data .................................................................................... 23 

Table 7: Distance Matrix from Districts to Facility Sites...................................................... 26 

Table 8:  Summary of Results ............................................................................................... 33 

Table 9: Breakdown of P-Median Model Results ................................................................. 34 

Table 10: Breakdown of P-Center Model Results ................................................................ 35 

Table 11: Time Matrix for the TSP ....................................................................................... 41 

Table 12: Summary Results .................................................................................................. 47 

Table 13: Center Points Coordinates of Districts .................................................................. 56 

Table 14: Estimation of the Required Number of Hospitals in Each District ....................... 56 

Table 15: Estimation of the Amount of Demand in Each District ........................................ 57 

Table 16: Coordinates of Fire Locations ............................................................................... 57 

file:///C:/Users/Oussama/Desktop/capstone.docx%23_Toc511614492
file:///C:/Users/Oussama/Desktop/capstone.docx%23_Toc511432370


1 
 

I. Introduction 
 

Countless are the times where we faced a situation in which the need to optimize was 

indispensable. Sometimes even unconsciously, we tend to optimize in order to minimize or 

maximize concrete or abstract things that can still be measured as risk. We have been confronted 

to solving problems whose solutions were dependent on a number of constraints and factors 

that have shaped to some extent the way we would have made some decisions.  

 

Some of these decisions are today being discussed on a macro-scale. From small factories to 

large-scale industries, not to mention multinational corporations but also governments, no 

single entity can nowadays survive without the implementation of optimization processes. The 

urge and pursuit of optimality gave rise to a multitude of companies, making them shine either 

locally or internationally. 

 

Optimization represents the most important goal of operations research. It is an extensive 

branch of mathematics that include different fields of optimization. It has a number of 

applications in many areas of operations management, production and inventory management, 

resource allocation, transportation, risk management, healthcare management, logistics, 

location analysis, not to mention disaster and emergency management. The general 

optimization model, when applying operations research, consists of choosing the appropriate 

decision variables that will determine the overall performance of a system. The performance is 

expressed by the objective function to be either maximized (profit, quality, interest, income, 

etc), or minimized (time, distance, cost, risk, loss, etc). Besides the objective function, a set of 

constraints are also added to the model. Then, the optimization model can be solved 

algebraically if the number of number of unknowns (decision variables) does not exceed the 

number of equations (constraints), or even graphically with only 2 decision variables, or using 

a solver as the number of decision variables and constraints increases significantly. Finally, the 

selected solution can be either a feasible solution (not necessarily optimal) or an exact solution 

solved to optimality (Pintér, 2005). 

 

During the last couple of decades, the medical field started to take as well an interest in 

optimization. In fact, it has proven to be a very useful mechanism in addressing the lacking 

equipment and necessity of improved decision-making through continuous and discrete 

http://mathworld.wolfram.com/ObjectiveFunction.html
http://mathworld.wolfram.com/ObjectiveFunction.html
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mathematical systems. The forecast, analysis and discovery of some diseases are some of the 

principal illustrations of the seeds sown by operations research and scientific computing in the 

area (Alves et al., 2011).  

 

Just like optimization, logistics represent an essential component of our day-to-day life. It is 

defined by the Council of Logistics Management (1998) as “that part of the supply chain 

process that plans, implements and controls the efficient flow and storage of goods and services 

to meet customer requirements”. It has emerged from the French word “logis”, which is used 

to signify the art of coordinating the transportation of Napoleon’s soldiers (Mentzer, 2001). 

Besides, optimization is an essential part of logistics which heavily rely on transportation 

systems. A good number of network models and algorithms have been developed so as to 

minimize the cost, time, distance, or to maximize the profit, mainly using linear programming 

which goes in hand with the process of optimizing. Some of these network problems include 

the transportation problem, the traveling salesman problem (TSP), the vehicle routing problem 

(VRP), etc.  

 

Nevertheless, these network models are not limited to the world of business. Medical companies 

and health care institutions have also used them for their benefit in order to deliver medicine 

and drugs to hospitals by way of illustration along with minimizing the overall distance covered. 

In addition, emergency care engineers and managers are also developing linear programs that 

are adapted to the emergency situation at hand.  
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II. Literature Review  

1. The Health and Transport Sector in Morocco 

1.1 Current Status of Health Sector 
 

The health sector in Morocco is still developing. More than 60% of the citizens go to public 

hospitals, implying that the government is the primary health care provider in the country. 

Besides, more than 4 million patients attend annually hospital emergencies, with an average 

annual increase of 10%, of which 8% are hospitalized.  

 

Today, the health sector is contributing about 5% to the GDP with more than 10 billion dirhams 

been allocated in 2017. A hundred forty-two hospitals are located in different cities in the 

Kingdom, with more than 27,350 beds and 38,000 care professionals, all belonging to the public 

sector. The healthcare private sector is yet an emerging sector as well with 320 private clinics, 

30 dialysis centers and 9,661 specialist doctors in the country (Health Care Sector in Morocco, 

2017). The total number of beds in the private sector amount to 6,156 while care professionals 

total 10,800. In addition, the national health care system uses more than 33.6% of its budget on 

purchasing medications, whereas 1.5% only is dedicated to research in the field (Semlali, 2010).   

 

 

Figure 1: Budget Allocation 
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1.2 Morocco in Times of Emergencies 
 

In Morocco, the launch of the rescue organization as an instrument to manage crisis in times of 

disasters is vital because it offers the most convenient responses to rescue operations. It is 

established at the level of each province and prefecture under the responsibility of the governor 

(Bremberg, 2016). The direction of such events in the Kingdom of Morocco is under the 

administration of the 1957 decree instituting it amid the duties of the Ministry of Interior. In 

adverse events, the SAMU works and cooperates with the civil protection and military health 

services by positioning experienced human resources who treat minor cases along with 

continuously briefing what’s happening on the field. It is furnished with sophisticated transport 

equipment and deploys highly-trained doctors to speed up medical transportation and 

management and make it more efficient. Then, the Ministry of Health, in collaboration with the 

Emergency Medical Services (SAMU), will control, coordinate and transport patients and 

victims towards the most appropriate cares. Next, the SAMU elaborates a “White Plan” 

alongside other hospital facilities, with the aim of studying the internal composition of every 

single hospital (e.g., number of available beds for different types of patients) to enable a smooth 

placement of injured casualties in the most suitable alternative care facilities and in the briefest 

of delays (Ouzzif et al., 2014).  

1.3  The Transport Sector  
 

The transport and logistics sector is an important sector for the Moroccan economy with 

100,000 direct jobs. In 2016, the government allocated more than 500 million dirhams for the 

logistics sector. According to the Department of Equipment and Transport, logistics costs in 

Morocco represent 20% of the GDP, a higher percentage compared to other growing states such 

as Brazil, Mexico and China where this ratio fluctuates between 15% and 17% (Department of 

Studies and Financial Forecasts, 2013).  

 

Now more than ever, in a progressively more challenging environment, Morocco needs a 

vibrant and competitive transport sector conformable to the structuring undertakings and main 

improvements, commenced by the state to enhance the efficiency of emergency units in times 

of crisis and disasters (ibid). 
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2. Operations Research in Disaster and Emergency Management 
 

As urbanization spreads out, and related adverse human-made impact rise, the frequency of 

natural disasters grows exponentially. In the 2000s, approximately 225 million people in the 

world were affected by natural catastrophes year-in year-out for a total of 90,000 annual deaths 

and more than 1.015 trillion Moroccan dirhams in economic loss (Kotlyakov, 2010). 

 

Unfortunately, Morocco has not escaped this widespread increase of natural hazards. Just in 

2014, violent storms have triggered extensive flooding in Southern Morocco. The total number 

of victims and casualties amounted to 47 deaths, two lost and 500 rescued (International 

federation of Red Cross Societies and Red Crescent societies, 2014). Thus, this continuous 

increase of adverse events has drawn international and domestic attention about the need of 

preparing emergency plans by simulating some of these disasters (Concho & Ramirez-

Marquez, 2014). The ability of the Moroccan government to rapidly respond with all kinds of 

resources, primarily medical, is key for restricting the repercussions of disasters on the 

environment and on its citizens.  

 

While Moroccan inhabitants expects SAMU and alternative facilities to offer timely services, 

this expectation is unfortunately hardly practicable due to the limitation of resources on hand 

to respond immediately, to their detriment. In addition, the large number of potential victims in 

conjunction with the haste of an immediate response intensifies the complexity of emergency 

response operations (Zhao et al., 2011). 

 

Nowadays, such instances have spawned a must to design efficient and effective plans for 

disaster relief. Notwithstanding the limitation of important resources used by relief workers and 

engineers, these latter are urged to figure out the best approach to contain the damage by 

optimally assigning resources to crisis zones (Fiedrich et al., 2000). The fast deployment of 

medical care services for disaster relief is therefore of the highest importance in saving lives of 

casualties and protecting the environment (Kirac et al., 2014). In fact, the quick and efficient 

answer to an adverse event plays a crucial role in reducing its impact.  

 

Generally, in order to provide medical attention in a both effective and efficient way, it is 

fundamental to design quick decision-making actions in compliance with an already established 

structural approach that ought to be experienced and tested in circumstances where nothing is 
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at stake, hence the notion of emergency management. It is an uninterrupted process, striving to 

prevent man-made and natural disasters, develop plans to alleviate their effect, resourcefully 

react when disasters occur, and recover to usual state (Hamdani et al., 2014).  

 

Solving such difficult problems to optimality is far from easy. An operations research 

application which can perform well enough in tackling such real-life circumstances is the 

traveling salesman problem. In its standard formulation, it aims to minimize the time, distance, 

or cost, by finding the shortest possible tour between a set of nodes (i.e., cities). As in Somalia, 

early research have demonstrated the efficiency of some of the logistics-based transportation 

models, namely the TSP, in emergency response to disasters (Palade et al., 2016).  

 

3. Operations Research in the Field of Healthcare 

Nowadays, the study of resource allocation, alias location analysis, is abundant, as using 

resources efficiently became of utmost importance. Among the problems that deal with location 

analysis is the facility location problem.  

 

The facility location problem is an optimization problem that represents an operations research 

field of study which seeks to find the most optimal location of facilities to minimize distance, 

time, or costs, and best meet constraints. Such facilities may involve hospitals, fire stations, a 

company headquarters, ambulances, emergency depots, logistics hubs, and retails stores. For 

example, when a city wants to build new hospitals, their locations have to be given top priority, 

thus the importance of the facility location problem. It was first introduced in the 17th century 

by Pierre de Fermat and Alfred Weber who designed the Fermat-Weber problem which aims to 

minimize the weighted distances’ sum from a node to other nodes within a given set (Dorrie, 

1965). 

  

There exist many variants of the facility location problem depending on the objective. In the 

field of healthcare, we may want to minimize be the sum of distances from traveled by 

populations to reach a facility, whereas in other cases we may want to maximize the number of 

citizens which are covered by facilities. The P-Median, P-Center and maximal covering 

locations problems represent three of the most famous types of facility location problems that 

model location decision problems and are heavily used to determine healthcare facility 

locations.  

https://en.wikipedia.org/wiki/Operations_research
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The P-Median problem is a discrete location model that aims to find the optimal location for a 

set of p facilities such that the sum of the distances from all the demand points to these facilities 

is minimized. As the total distance gets smaller, it is more convenient to have access to facilities. 

It was developed by Hakimi (1964) who used the dynamic programming algorithm to solve the 

P-Median problem with a time complexity of O(n2p2) with n being the number of candidate 

facilities and p the number of facilities we would like to locate. 6 years later, ReVelle and Swain 

(1970) solved the P-Median problem as a linear integer program with a Branch and Bound 

algorithm (Kariv & Hakimi, 1979). 

 

Unlike the P-Median problem which focuses on minimizing the overall distance, the P-Center 

problem seeks to abate the worst performance considering that tackling service inequity 

situations is more essential than the total quality of the system. The P-Center problem is also 

known as the minimax problem as it minimizes the maximum distance from any demand point 

to one of its servicing facilities. It was originally introduced by Sylvester (1857). In 1977, 

Garfinkel developed a model of the P-Center problem using integer programming and solved it 

using a binary search technique (Jia & Dessouky, 2007). 

  

Finally, the maximal covering location problem (MCLP) is one of the most employed problems 

in the field of location analysis. It locates p facilities such that the majority of demand nodes 

are covered within a fixed distance. Many heuristics and exact algorithms have been developed 

to solve the MCLP such as simulated annealing and Branch and Bound (Daskin & Schilling, 

2002). 

 

4. The Traveling Salesman Problem 

4.1 Historical Perspective  
 

The traveling salesman problem started to arise back in the 19th century but not under its current 

name. The first appearance of the TSP as it is called today dates back to 1832 in a German 

manual for traveling salesmen. In the 1800s, the Irish mathematician Sir William Rowam 

Hamilton developed Hamiltonian circuits in which a traveler finishes off at the vertex of 

departure along with visiting each vertex a single time on a closed graph (Matai et al., 2010). 

Afterwards, the Austrian-American mathematician and economist Karl Menger developed the 

first general form of the TSP in 1920s, and was known as the “Messenger Problem”. A few 
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years later, the TSP was further popularized by the American mathematicians Whitney and 

Floyd in a talk at Princeton University in which they discussed the routing of school buses 

(Cook, 2014). 

4.2 Definition  
 

Assuming a set of cities and weights assigned to each edge corresponding to the time, cost, or 

distance, the TSP aims to determine the shortest route, which corresponds to the best possible 

way of going through all the nodes (vertices) once then back to the depot (departure point), 

along with minimizing the total weight (Caric & Gold, 2008).  

4.3 Illustration  

The following illustration represents a complete graph composed of nodes and edges between 

each pair of them. Besides, each connection between two nodes in the graph is assigned a certain 

weight (usually strictly positive) which could be either distance, duration, cost, or any other 

measurable parameter. Hence, it is called a weighted graph. In a symmetric TSP as in Figure 2, 

the weight of any two nodes is the same (Wij=Wji). Usually, instances where it is not the case 

can occur when time to go from A to B is different than the other way round, or the travel cost 

from A to be B is different than that of from B to A (Hahrsler & Hornik, 2007). Furthermore, 

our graph is to be consistent with the triangle inequality. It states that the sum of the lengths of 

two sides must be greater than or equal to the length of the remaining side for any given triangle 

(Khamsi, 2001). Considering the weight a parameter of time, the time to get from some node A 

to C through B can only be greater or equal than reaching C with no intermediaries: 𝑡𝐴𝐶 ≤ 𝑡𝐴𝐵 +

𝑡𝐵𝐶 . 

 

.  

 

Figure 2: Illustration of the TSP 
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Almost always, the objective of every TSP is to find a path that goes only once through vertices 

(Hamiltonian cycle) which minimizes one of the parameters (weights) just mentioned 

(Malkevitch, 2005). 

4.4 Order of Growth in Algorithm Analysis  
 

The Big O notation is widely utilized in the field of computer science to describe how efficient 

an algorithm is. It is a useful tool for analyzing the efficiency of algorithms. It is used to describe 

how the runtime (or number of operations) or space requirements of an algorithm varies as a 

function of the input size. It is also a measure for the worst case-scenario; if some algorithm 

has a time complexity of (m×n), it will perform at most (m×n) steps to find the solution 

(Varshney, 2008).  

 

Big O 

Notation 

Order of 

Complexity 

 

Time and Space Performance 

 

O(1) 

 

 

Constant 

The time to execute an algorithm is steady no 

matter how large the data set is. 

 

 

O(n) 

 

 

Linear 

Linear complexity algorithms are algorithms 

whose input data and number of operations are 

directly proportional. Multiplying the size of the 

data by n will yield n times as long to complete. 

 

 

O(nk) 

 

 

Polynomial 

An algorithm of complexity O(nk) runs in 

polynomial time for any given k.  For example, a 

complexity algorithm of O(n2) characterizes an 

algorithm whose runtime grows proportionally to 

the square of the size of the input. 

 

 

O(2n) 

 

 

Exponential 

An algorithm of complexity O(2n) denotes an 

algorithm that takes exponential time. In other 

words, adding one increment to the data set will 

double the runtime. 

 

O(n!) 

 

Factorial 

This is the worst type of algorithms in terms of 

space and solving time. Whenever n gets 

incremented by 1, the performance is multiplied 

by an n factor.  

Table 1: Order of Complexity of Algorithms 

 

https://en.wikipedia.org/wiki/Analysis_of_algorithms
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Hence, it is important to decide which algorithm to employ in order to solve transportation 

problems with relatively either small or large data sets.  

4.5 Complexity of the TSP  

The Traveling Salesman Problem belongs to factorial complexity problems. As we will 

demonstrate, it may take years to solve a TSP with a factorial algorithm even with small data 

sets. This becomes much more complicated with constraints attached to the problem.  

In TSPs, the total number of possible routes is 
(𝒏−𝟏)!

𝟐
  in case the location of the depot (initial 

start) is already known. That is consistent with the fundamental counting principle. It states that 

if some event is subject to split into k parts, and there exist n1 different ways of carrying out the 

first part, n2 for the second part, and nk for the last part, their multiplication correspond to the 

total number of ways for the original event to occur (Fogiel, 1999). This number can be 

significantly considerable even for small number of nodes n (19,958,400 if n=11) (Dantzig & 

Ramzer, 1959). If the depot location is unknown, there will be 
𝒏!

𝟐
 different routes. In a 

Symmetric TSP, we divide by 2 as we consider our weight parameter to be the same in either 

direction. Also, the number of nodes n has to be greater or equal than 3. Otherwise, there will 

be only be one route (n=2).  

 

Furthermore, the time to solve TSP can be substantially large. Considering a problem dealing 

with 30 nodes (e.g. cities), and if we assume that a normal computer can perform 108 operations 

in one second (Ming et al., 2002), we will get 
𝟐𝟗!

𝟐
 solutions which will results in 

𝟐𝟗!

𝟐×𝟏𝟎𝟖
 number 

of seconds so solve it, that is approximately 1.4×1015 years, thus the importance of 

combinatorial optimization algorithms. 

4.6 Combinatorial Optimization Problems and Algorithms 
 

Combinatorial optimization problems are characterized as problems that necessitate looking for 

the best solution amid large datasets. More precisely, they aim to determine the best distribution 

of limited resources that can be employed to accomplish an objective. Usually, these resources 

are restrained by a number of constraints, which restrict the number of feasible solutions to the 

problem (Özdamar & Ulusoy, 1994). 
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Nevertheless, a huge number of possibilities are to be considered to find the best possible 

solution. The traveling salesman problem represents one of the main applications of COP. 

Optimizing solutions of these transportation problems in emergencies is crucial for the success 

of operations on the field and perhaps the survival of patients or nature in such events. Finding 

the optimal solution is a factor of utmost importance in minimizing the distance or time required 

to visit all nodes depending on the situation at hand.  

 

When solving combinatorial optimization problems with computers, often the only possible 

way to solving them is to evaluate every possible solution and then choose the one that is most 

optimal. Unfortunately, it would be quasi unconceivable to solve some of these problems with 

a very large data set. These are problems where it is impossible to determine a solution in a 

linear or polynomial time. This category of problems are denoted to as NP-hard or NP-complete 

problems. Among them is the traveling salesman problem (TSP), just mentioned, an NP-hard 

problem that cannot be solved today in polynomial time (Xu, 2008). 

Such CO problems can be solved using famous mathematical models and existing algorithms. 

Some of these algorithms are exact methods which ensure to achieve optimality in a reasonable 

amount of time and are labeled as exact algorithms. Others exist in the form of heuristics, meta-

heuristics, and approximation algorithms, which in the same way solve the problem in a better 

time, but with no guarantee to reach an optimum solution (Hosny, 2010). 

4.6.1 Exact Algorithms 
 

As just stated, exact algorithms are expected to provide an optimal solution for a COP in 

relatively sufficient period of time. The best of such kind of algorithms generally attempts to 

decrease and the number of potential solutions before reaching an optimal one. The exact 

algorithms below are the most used when it comes to solving complex problems as the TSP: 

 

 Dynamic Programming (DP): It is a method that consists of splitting a difficult problem 

into smaller sub-problems in a repetitive way with a decision required at each phase of the 

process. In addition, each phase has a number of states linked to it. The decision reached at 

each phase, which is independent on previous states or levels, converts the present state into 

a state in the next phase. Only a limited number of COP as TSP can be solved using dynamic 

programming. Such algorithms have an exponential running time (O(n2×2n)), which are yet 

better than factorial complexity algorithms O(n!) (ibid).   
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 Branch-and-Bound (B&B): It is an optimization method which uses a depth-first strategy 

where all alternative solutions are explored in an organized manner, along with disregarding 

a good number of improbable ones. Neglecting some of these solutions are based on the 

estimation of lower and upper bounds of the objective function, such that the searching of 

nodes whose values are higher/lower than the current best value of the objective function, 

hence not able to deliver an optimal solution, is not conducted. The algorithm involves a 

‘branching’ tool which partitions a certain set of candidate solutions into two subsets, and 

a ‘bounding’ tool that calculates lower and upper limits for the minimization/maximization 

function. The algorithm stops when all nodes of the search tree are either discarded or 

solved. It is often used to solve COP problems to optimality as the TSP (Nilsson, 2003), 

though inefficient to solve problems with large scale data sets as it runs exponentially over 

time like DP. 

 

 Branch-and-Cut (B&C): It is an optimization technique consists of combining the B&B 

algorithm with the cutting planes method. It is the best algorithm for solving mixed-integer 

linear programs. The algorithm adds a new constraint to the current ones in such a way that 

unfeasible regions of the set are ignored. That way, a moderate problem size is maintained. 

Also, at each node in branch-and-bound tree, it solves a current LP relaxation (replacing 

integer variables with appropriate constraints). A node is removed from the tree if it turns 

out to be unfeasible while adding cuts at some point. If a solution is an integer and its 

objective value is better than that of the current solution, it will be the new solution. 

Otherwise, branching will continue (Colombo, 2003).   

 

4.6.2 Heuristics 

As we have seen, there exist a number of exact algorithms which can be utilized to find the 

optimal solutions, but none of them can be practicable for large instances due to their 

exponential growth (Nilsson, 2003). Given that, approximation techniques are often used in 

many real-world applications. Such algorithms, including heuristics, meta-heuristics and 

approximation algorithms, are methods that solve ‘hard’ combinatorial optimization problems 

in a good enough time (e.g., polynomial time) compared to exact algorithms. However, there is 

no guarantee that the solution obtained is optimal, which makes all the difference (Maurya, 

2011).  
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Categories of heuristic algorithms, in order of increasing efficiency, are typically ordered as the 

following (Braune et al., 2010):  

 Constructive heuristics: They consist of putting in new components to the existing “partial” 

solution at each iteration starting from a “void solution”, until a “complete” solution is 

reached. 

 Local Search heuristics: They begin with some first feasible solution and attempt to 

ameliorate it at each iteration by introducing slight modifications and stop when there are 

no possible improvements. The final solution is a local optimum. 

 

 Meta-heuristics: They are in some way improvements of local search algorithms. They 

attempt not to include local optima and “cycling” while running the algorithm. 

  

In addition, some other examples of heuristic algorithms include Simulated Annealing, Ant 

Colony Optimization, Genetic Algorithms, and Electromagnetism-Like Algorithm (Nilsson, 

2003). 

 

4.6.3 Approximation algorithms 

Besides heuristics, approximation algorithms are heuristic algorithms which perform in 

polynomial time and provide some kind of accuracy on the approximation of a solution. In other 

words, they represent a special type of heuristics with a verifiable guarantee on the quality of 

the feasible solution that is α times the optimal solution (Vygen, 2012). Such α-approximation 

algorithms occur if the equation below is satisfied depending on the type of the objective 

function, where M is the optimal solution, M’ is the feasible solution, and α is any non-negative 

integer: 

 

 

 

Some of the most commonly used approximation algorithms include: 

 

 The Nearest Neighbor: This is most probably the most trivial TSP heuristic. The key to this 

algorithm is to always go to the closest node by choosing a random city, and traveling to 

the nearest unvisited node after determining it. If there are still nodes which have not been 

M’≤ (1+ α) ×M for a minimization function 

M’≥ (1- α) ×M for a maximization function 
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visited, the second step is to be recurred. Otherwise, the traveler returns to the depot 

(Nilsson, 2003). 

 

 Greedy: The Greedy Approximation Algorithm progressively makes a tour after filtering 

through all edges by choosing in a repetitive way the shortest edge and accumulating it to 

the tour so that the final tour has exactly N edges. Each edge cannot be added more than 

once (ibid). 

4.7 Types 
 

The Traveling Salesman Problem can be used in several ways that best suit the situation at hand. 

Some of the most famous types of the TSP are covered in the section below (Matai et al., 2010; 

Hosny, 2010). 

 The Symmetric Traveling Salesman Problem (STSP):  The weight of edges in the form of 

straight lines is the same in either direction (undirected graph).   

 

 The Asymmetric Traveling Salesman Problem (ATSP):  The weight of edges in the form of 

arcs is different in either direction (directed graph).   

 

 The Multiple Traveling Salesmen Problem (MTSP): Multiple salesmen depart from the 

same depot in order to visit other nodes before going back to the depot. Each salesman has 

a unique path consisting of a set of nodes where he should stop by such that each node is 

visited once and by only one salesman.  Other variations of the MTSP may include multiple 

depots where travelers do not necessarily start their trip from one single depot and may 

come back to other depots. The MTSP is equivalent to the uncapacitated VRP where there 

is no demand at nodes; formulations and methods used to solve one is also valid for the 

other.  

 

 The Traveling Salesman Problem with Time Windows (TSPTW): Nodes have to be visited 

in specific time periods, alias called time windows. If there is more than one salesman, it 

will be referred as multiple traveling salesmen problem with time windows (MTSPTW).  

 

 The Traveling Salesman Problem with Pickup and Delivery (TSPPD): In case of multiple 

salesmen, vehicles do not only drop off commodities but are also allowed to pick them up. 

In this case, usually more than one vehicle can serve a customer who can be seen as a pick 
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and delivery node at the same time. To some extent, delivery customers are getting some of 

their provisions by pick-up customers. Sometimes, vehicles may even deliver more than 

what is required (demand) in a certain node to allow alternative vehicles to pick the addition 

up. In case of one traveler, nodes cannot be served more than once. Thus, the amount 

dropped off cannot exceed the demand. In both cases, only one type of goods is considered.  

 

 The Traveling Salesman Problem with Simultaneous Pickup and Delivery (TSPSDP): is the 

same as TSPDDP but nodes cannot be served more than once.  

 

 The Traveling Salesman Problem with Backhauls (TSPB): The vehicle has two tasks to 

perform: delivering products to customers and returning goods from a set of vendor nodes 

back to the depot.  

 

 Open TSP (OTSP): The traveler is not required to get back to the depot after the last node 

has been addressed. 
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III. STEEPLE Analysis 

To plan a project, it is imperative to analyze both the internal and external elements and factors 

that are capable of impacting it. Some of the commonly used strategic analysis tools by even 

the most famous companies and organizations include SWOT, PESTLE, STEER, STEEPLE, 

etc. They only differ in terms of variants they include (Schramm, 2018).  

 

In this report, we will shed light on the STEEPLE implications of this end-of-study project, 

including “the features of Analysis, Design, Implementation and Testing” which constitute key 

factors of the capstone process (AUI, 2017). 

 

STEEPLE analysis enables entities to anticipate forthcoming trends by taking into account the 

external variables in which an organization functions, allowing it to find out the factors that 

may impact it in the future. Much more sophisticated than SWOT analysis, it is considered as 

one of the most popular methods to examine the operational activities of businesses and 

corporations (Conner, 2010).  

 

STEEPLE is an acronym for: 

 

 S — Social 

 T — Technological 

 E — Economic 

 E — Environmental 

 P — Political 

 L — Legal 

 E — Ethical 
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3 SCH

3 SCH

STEEPLE 

ANALYSIS

Political & Legal:

 Compliance of the 

solutions with the 

Ministry of Health 

Decree issued on July 

2010 embodying the 

internal regulations of 

hospitals.

 Respect of the speed 

limit by fire engines. 

Technological:

 Use of a reliable and 

powerful solver: the 

Gurobi Optimizer 

Solver.

 Use of QGIS to locate 

the center points of 

Casablanca districts.

 Use of Google Maps to 

estimate real distance.

 Utilization of exact 

algorithms which leave 

no room for errors.

 Economic:

 Reduced operating costs 

of fire engines. 

 Important economic 

savings and benefits 

thanks to the minimized 

distance or time gained.

 

 A more balanced 

allocation of the 

Ministry of Health’s 

budget.

Ethical:

 Ensured equity in terms 

of access to facility 

hospitals.

 Prioritizing the health of 

citizens by building 

nearby hospitals. 

 Less effort required by 

rescue units in adverse 

events.

Environmental:

 Better management of 

resources at hand.

 Better handling of 

environmental disasters 

in case of fire or any 

other environmental 

adverse events.

 Preserved nature and 

ecosystem.

 Reduced pollution as a 

result of less gas 

emissions.

 

Social:

 Minimized distance for 

the population to reach 

new facility hospitals.

 Maximized number of 

citizens to be covered by 

located facilities. 

 Decreased response time 

of rescue units to put out 

fire.

 Reduced impact on the 

environment. 

Figure 3: STEEPLE Analysis 
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IV. Hospital Facility Location in Casablanca 
 

1. Problem Formulation 

The location of hospital facilities is key for efficient health care services. In this section, we 

will discuss the implementation of new general hospitals in the largest city of Morocco, 

Casablanca. As a matter of clarification, hospitals do not allude or refer to clinics. In fact, unlike 

the latter wherein a doctor treats a patient by prescribing medicines and when to use them, 

hospitals represent institutions, belonging either to the public or private sector, where patients 

are given treatment (Chooni, 2015). 

 

Three facility location problems will be tested, which represent the foundations of most health 

care facility location problems: the P-Median problem, the P-Center problem, and the maximum 

covering location problem. All these models assume that demand points would seek services 

from the closest hospital care facilities. More specifically, both the P-Center and P-Median 

problems emphasize minimizing the distance covered by people to closest facility care 

hospitals. On the other hand, covering models optimize the number of covered popuations. In 

the majority of covering problems, nodes are covered when they can reach a hospital within a 

predefined distance standard. There is no universal predefined distance ― it is up to the 

developer to decide its value (Zhao et al., 2011). 

 

A number of variants will be introduced to address our facility location problem in a more 

specific way.   

1.1 Data Collection 

On February 20th, 2015, Moroccan decree number 2.15.10 was issued and published in the 

Official Bulletin number 6340 of March 5, 2015. This decree specifies the number of the 

regions in the country, their official names, and the prefectures and provinces composing them. 

The Casablanca-Settat Region is composed of 2 prefectures (Casablanca and Mohammadia) 

and 7 provinces. In our study, we will focus on the prefecture of Casablanca which is further 

subdivided into 8 districts: Casablanca-Anfa, Al Fida-Mers Sultan, Ain Sebaâ-Hay 

Mohammadi, Ain Chock, Hay Hassani, Ben M'sick, Sidi Bernoussi and Moulay Rachid 

(Casablanca Website, 2010).  
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The most recent publicly released statistics of the General Census of Population and Housing 

of the Moroccan population (2015) reveals that Casablanca comprises 3,359,818 citizens. Table 

2 displays a detailed breakdown of the number of citizens in each district of the prefecture of 

Casablanca. 

 

District Households Population 

Casablanca-Anfa 130,542 454,908 

Al Fida-Mers Sultan 72,701 288,426 

Aïn Sebaâ-Hay Mohammadi 103,516 425,916 

Hay Hassani 118,700 468,542 

Aïn Chock 89,013 377,744 

Sidi Bernoussi 144,598 627,968 

Ben M’sick 56,729 248,138 

Moulay Rachid 103,510 468,176 

Table 2: The Population Distribution of the Casablanca Prefecture 

 

Before moving to some important assumptions that are necessary to solve our problem, Table 

3 provides the comprehensive list of general hospitals in each district along with the capacity 

of each in terms of beds. Data was gathered from an official report published by the Ministry 

of Health in 2012. Since then, the hospital “Sheikh Khalifa Ibn Zayd” opened its doors, while 

some existing hospitals increased their bed capacity. It is important to note here that the 

qualification “general” means that they provide general and diverse medical needs. Thus, 

specialized hospitals such as psychiatric hospitals, are excluded from Table 3. 
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Table 3: Number of General Hospital Beds per District Prefecture 

 

1.2 Important Assumptions  

First of all, the cost to locate hospitals at eligible sites does not vary. Trying to estimate the cost 

to open hospitals in different sites is beyond the scope of this study. Therefore, it is considered 

to be the same so it can be discarded in the formulation of our objective function.  

 

Furthermore, the required number of hospitals to cover districts is contingent on the average 

number of hospital beds in the prefecture of Casablanca. For the rest of this paper, we will 

denote by B1,000 the number of hospital beds per 1,000 citizens. Usually, a single hospital with 

a limited number of beds can be sufficient for a population of 1,000 people. By way of 

illustration, Japan has the highest B1,000 in the world with more than 13 beds per 1,000 

inhabitants. In the US, this number drops to 2. In Morocco, there exist roughly 1.15 beds per 

1,000 citizens, which is insufficient especially knowing that some areas are much better covered 

than others (The Université de Sherbrooke, 2018). In the following table (Table 4), we made an 

estimation of the required number of hospitals to fully service district prefectures based on the 

ratio B1,000 in Morocco and more precisely in the prefecture of Casablanca.  

 

 

General Hospital District Prefecture Number of beds 

CHP Mohammed Sekkat Aïn Chock 107 

CHP Mohammed Bouafi Al Fida 235 

CHP Mohammed V Hay Mohammadi 278 

CHR Moulay Youssef Casa Anfa 218 

CHP Ben M’sick Ben M’sick 80 

CHP El Hassani Hay Hassani 110 

CHP Al Mansour Sidi Bernoussi 95 

CHP Moulay Rachid Moulay Rachid 250 

CHR Sheikh Khalifa Ibn Zayd Hay Hassani 205 

CHU Ibn Rochd Casa Anfa 1,193 
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As shown in the table, the number of beds per 1,000 people in the prefecture of Casablanca is 

squarely higher in the Casablanca-Anfa district (3.1) and much lower in other districts, with a 

slightly higher B1,000 in Al Fida district (0.82). Also, the average amount of hospital beds per 

1,000 citizens totals 0.82. Thus, we will attempt to raise B1,000 in each district to at least 0.82. 

To realize that, it is necessary to open new hospitals at eligible sites (district prefectures). That 

does not imply that we would build the required number of hospitals within each district 

prefecture, as it will be too costly. Otherwise, we would have to open 14 hospitals in order for 

our final B1,000 to be 0.82, knowing that the current number of hospitals does not exceed 10. 

Instead, we will compute at the end of the study the B1,000 in each district prefecture taking into 

consideration that hospitals sites can also service populations of other district prefectures. As 

such, we can raise each B1,000 to the average.  

 

In order to quantify the required number of hospitals to cover each district, we need to estimate 

the number of beds within our new hospitals. We first decide that these hospitals are neither 

large nor medium-sized hospitals. In Casablanca, we can clearly see that small hospitals vary 

from 80 to 110 beds. Thus, we would consider a capacity of 90 beds within each new hospital. 

In other words, we will assume that each located hospital has a capacity of 90 beds in order to 

scale up B1,000 in each district to the average; this will enable us determine the amount of 

District 
Number of Beds per 

1,000 People 

Required Hospital 

Quantity to Service 

Districts 

Casablanca-Anfa 3.1 ―  

Al Fida-Mers Sultan 0.82 ―  

Aïn Sebaâ-Hay Mohammadi 0.65 1 

Hay Hassani 0.67 1 

Aïn Chock 0.28 3 

Sidi Bernoussi 0.15 5 

Ben M’sick 0.32 2 

Moulay Rachid 0.53 2 

Average B1,000 0.82  

Table 4: Required Hospital Quantity for Casablanca Prefectures Based on B1,000 
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facilities needed for the coverage of districts. Thus, if a district needs for instance 180 beds to 

reach at least 0.82 hospital beds per 1,000 citizens, 2 hospitals are to service it so that the district 

is entirely serviced or covered. As such, Casablanca-Anfa and Al Fida-Mers Sultan would not 

require any hospital to service them as they are already covered in our problem. On the other 

hand, Sidi Bernoussi would need at least 5 hospitals in order to be fully serviced, as we have to 

add 90×5 number of beds to the current number so that B1,000 becomes (at least) 0.82. 

 

Moving forward, we will estimate in Table 5 the number of already serviced population based 

on the existing the number of hospital beds within each district and assuming that 0.82 beds is 

sufficient for 1,000 citizens. This number will be deducted from the overall population to allow 

our model precisely target only the uncovered population of district prefectures.  

 

 

 

 

From preceding tables, we can clearly notice that the B1,000 of Al-Fida district prefecture 

matches exactly with 0.82. That means that the number of hospitals beds is just enough for the 

population of Al Fida-Mers Sultan and could henceforth not service other district populations. 

On the other hand, the Casa-Anfa district prefecture possesses 3.1 beds for each 1,000 citizens. 

Its population of 454,908 citizens can be covered by the 218 hospital beds in CHR Moulay 

Youssef and 156 CHU Ibn Rochd hospital beds. As such, the 1,037 remaining hospital beds of 

CHU Ibn Rochd can be used to service populations of other districts (up to 1,2651,634 citizens). 

For this reason, we will decide to include this hospital in our set of facility sites so that it may 

service populations of alternative district prefectures. 

District Prefecture Covered Population Rest of the Population 

Casablanca-Anfa ✓ ― 

Al Fida-Mers Sultan ✓ ― 

Hay Mohammadi 339,024 86,892 

Hay Hassani 384,146 84,396 

Aïn Chock 130,487 257,257 

Sidi Bernoussi 115,853 512,115 

Ben M’sick 248,138 150,578 

Moulay Rachid 468,176 163,298 

Table 5: Number of Citizens Covered and to Be Covered in Each Prefecture 
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Finally, we assign the total number of facilities to be located to 5 hospitals, which is the least 

number to cover the highest demand point, Sidi Bernoussi; otherwise, the population will never 

be fully covered. Also, choosing 6 hospitals to be opened will result in locating 6 facilities 

among 6 potential sites, which will turn out to be a random assignment of facility hospitals to 

districts. 

 

Table 6 summarizes all the parameters and values previously discussed that are needed to 

formulate and solve our problem. 

 

Table 6: Summary of Collected Data 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

District Prefecture Population 

 Demand (×1,000) 

Required Hospital 

Quantity   

Hay Mohammadi 86.892 1 

Hay Hassani 84.396 1 

Aïn Chock 247.257 3 

Sidi Bernoussi 512.115 5 

Ben M’sick 150.578 2 

Moulay Rachid 163.298 2 
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2. Problem Solving 

2.1 Locating Facility Sites Using QGIS                                     

QGIS is a free and open source Geographic Information Systems (GIS) software program that 

is used to create maps and do analysis of geographic reference data. Besides making and 

exporting graphical maps, it enables users to view, edit, and analyze spatial information (QGIS 

Website, 2002). 

 

Moreover, QGIS provides numerous GIS functionalities through plugins. One of these plugins 

used to select and add a map from online sources is the Openlayers plugin. Online sources may 

include web mapping service applications as OpenStreetMap, Google Maps, Bing Maps, 

MapQuest, and Apple Maps. It is a web-based tool that allows users to create online maps and 

displays them into the QGIS software (Loidl et al., 2016). Furthermore, QGIS provides a wide 

range of features to create different types of shapefile layers, supporting both raster (pictures 

based on pixels) and vector layers (based on geometric primitives as points, lines, and polygons) 

(QGIS Website, 2002). 

 

For this research, we consider OpenStreetMap as background to work with. It is an open library 

for geospatial data, offering both map services and GPS data (Graser et al., 2017). Using the 

shapefile layer, we will create 8 different polygon-shaped layers, each illustrating a separate 

district of the prefecture of Casablanca. The purpose of the use of QGIS is to place hospital care 

facilities into center points of districts (centroids of polygons). 

 

Further in this study, we will also concentrate demand nodes (district prefectures) into their 

centroid so that both hospital sites and district prefectures are represented via points which 

symbolize center points. This implies that no matter where a citizen lives in a district prefecture, 

the distance from his/her location to the hospital site within the same district is assumed to be 

negligible. As such, a citizen is automatically serviced by the located hospital within its district. 
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Figure 4: Center Points of Casablanca Prefectures 

The inclusion of Al-Fida and Casa-Anfa was optional. As previously discussed, populations of 

both district prefectures are already covered and no hospital facility will be located in either 

region, even though we will use CHU Ibn Rochd as an additional hospital being able to service 

other populations. Having generated centroids, their coordinates are saved into a CSV file. 

Then, the file is imported back to the map in order to locate hospital facility sites without 

polygon layers.  

 

Figure 5: Facility Hospitals' Locations 
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2.2 Distance Estimation using Google Maps 

The current highly-developed geographic information systems (GIS) will be integrated into this 

research. As such, we can estimate real distances from the locations of populations to facility 

sites. 

 

One of the most powerful GIS used in many research problems today is Google Maps. It is “as 

a web mapping service application that offers street map, route planner for numerous countries 

around the world via Google Maps API”, and does more importantly generate traveling 

distances from a location to another (Chan & Baciu, 2012). Besides, it exempts users from 

entering speed limit and gathering traffic rules (Wang, 2012).  

 

In this research, the driving distance using Google’s Map API is preferred over the straight-line 

Euclidean distance, which in no way reflects the real distance traveled by citizens from their 

locations to hospital facilities.   

 

Besides, Google Maps accepts the latitude and longitude as input parameters and generate the 

distance from one location to another. This Google Maps feature allows us to use the 

coordinates of district prefectures’ center points generated by QGIS as inputs. As we are 

considering facility hospitals to be placed in the same centroid of district prefectures, the 

distance from districts to hospitals belonging to the same district is null. Remaining distances 

from district prefectures to hospital sites generated by Google Maps are gathered in Table 7:  

 

Distances  

   (km) 

 

 

Hay 

Mohamma-

di 

 

Hay  

Hassani 

 

Aïn 

 Chock 

 

Sidi 

Bernoussi 

 

Ben 

 M’sick 

 

Moulay 

Rachid 

  Site 1 ― 16.9        15.6 9.1 8.6 16.5 

  Site 2 16.8 ―         9.4 20.3 18 16.8 

  Site 3 16.8 8.8  ― 21.3 11.3 15.2 

  Site 4 8.6 20.1 18.8 ― 13.9 9.7 

  Site 5 8.6 13.5 10.4 13.6 ― 5.7 

  Site 6 16 16.9 14.6 11 5.3 ― 

CHU Ibn 
Rochd  

7.4 8.2 10 14 8.2 9.7 

Table 7: Distance Matrix from Districts to Facility Sites 
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2.3 Julia Programming Language 

In order to solve the facility location problem in Casablanca, the models will be coded with the 

Julia programming language. It is a flexible and dynamic language that is suitable for technical 

and high-level numerical computing. Just as other languages like R and Python, it renders ease 

for scientific and mathematical programming and is also compatible with general programming. 

To realize this, Julia does not only base on mathematical programming languages but also draws 

on popular dynamic languages, including Ruby, Lua, Python and Perl. Besides, it is free, open-

source, and considered as “the fastest high-level modern programming language for scientific, 

mathematical and numeric computing” (The Julia Language, 2017). 

 

Released and embedded in Julia, JuMP is an algebraic modeling language for mathematical 

(linear, mixed-integer, conic, and nonlinear) constrained optimization. Similarly, Convex is a 

modeling language embedded in Julia, but reserved only for disciplined convex programming. 

A good advantage of the JuMP language is that it is looks much the same with the mathematical 

formulation and representation of optimization problems. Another advantage is that it is 

characterized by an easiness and flexibility to formulate an optimization problem in Julia. It 

provides ease of solving optimization problems without expert knowledge by supporting 

advanced functionalities mainly commercial solvers for a variety of optimization problems. 

Among these solvers, we can find CBC, GLPK, MOSEK, but more importantly CPLEX and 

Gurobi, both seen today as state-of-the-art solvers for mathematical programming. Also, 

changing the solver employed to solve that problem does not require much modification 

(GitHub, 2017).  

 

In the framework of this research, we will use Gurobi as a solver. It is considered as one of the 

best solvers for mathematical programming with a performance comparable to that of CPLEX. 

It uses the most recent implementations of the most efficient algorithmic developments. The 

majority of algorithms incorporated in Gurobi are exact algorithms as the Branch and Bound, 

and Branch and cut algorithms. Besides, it comprises the Linear Programming Solver (LP), the 

mixed-integer linear programming solver (MILP), and other quadratic programming solvers. In 

the span of seven years, Gurobi has augmented the MILP solver performance with a coefficient 

of 43 and the Linear Programming (LP) solver performance with a coefficient of 6. Even with 

large-scale problems involving a considerable amount of variables and constraints, Gurobi’s 

performance is significant and is able to solve in much less time (Gurobi, 2016). 

http://en.wikipedia.org/wiki/Mathematical_optimization
http://en.wikipedia.org/wiki/Mathematical_optimization
http://www.gnu.org/software/glpk/
http://mosek.com/
http://www-01.ibm.com/software/commerce/optimization/cplex-optimizer/


28 
 

2.4 Models to Solve the Facility Location Problem in Casablanca 

In this section, we present decision variables and parameters in our hospital facility location 

problem. We will consider a set X of district prefectures and a set Y of facility sites. Also, we 

define three binary decision variables and four other parameters belonging to these sets: 

 

 

Decision variables:  
 

𝒂𝒚 = {
1, 𝑖𝑓 𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑖𝑠 𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝑎𝑡 𝑦.
0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

  

 

𝒃𝒙𝒚 = {
1, 𝑖𝑓 𝑎 𝑓𝑎𝑐𝑖𝑙𝑖𝑡𝑦 (𝑙𝑜𝑐𝑎𝑡𝑒𝑑 𝑎𝑡) 𝑦 𝒔𝒆𝒓𝒗𝒊𝒄𝒆𝒔 𝑑𝑒𝑚𝑎𝑛𝑑𝑠 𝑜𝑓 𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 𝑥.
0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

  

 

𝒄𝒙 : 𝑇ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙𝑠 𝑡ℎ𝑎𝑡 𝑐𝑎𝑛 𝑠𝑒𝑟𝑣𝑖𝑐𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑐𝑡 𝑥.  
   

 
y = 1,2, … ,7 

 x = 1,2, … ,6 

Parameters: 

Hx: The minimum number of hospitals that must be opened in district x so that it is 

covered. 

Px: The uncovered population of district x (amount of demand). 

Q:  The maximum number of hospitals that can be opened in the set Y (possible facility 

locations). 

B1,000: The number of hospital beds available for 1,000 citizens. 

 

The demand for hospitals is different from one district to another and is contingent on a number 

of factors including the size of population and the number of existing hospitals in a specific 

district. To represent this demand, we have deducted the number of covered population based 

on the existing number of hospital beds in each district from the overall population. As such, 

our model will address only the amount of population that is in need of service.  

 

Furthermore, some districts would require more hospitals to be fully serviced for the same 

reasons mentioned above. Hence, in this particular model, if some facility services a demand 



29 
 

point (i.e. the population of a district), that doesn’t necessarily mean that the demand node is 

completely serviced as the required number of hospitals may be greater than one.  

 

In the following sub-sections, we will be developing 3 models to solve the facility location 

problem in Casablanca. There exist 6 district prefectures still in need of service and 6 candidate 

hospital facilities to service them in addition to the CHU Ibn Rochd hospital in Casa-Anfa 

whose bed capacity can cover populations of other district prefectures. As CHU Ibn Rochd is 

already existing, we will add the following equality in all our models: 𝑎7 = 1 as way to express 

it in a mathematical way.  

2.4.1 P-Median Problem 

The P-Median problem aims to determine the facility location solution which satisfies the 

minimum service distance from demands to hospitals. To achieve this, our objective function 

is to minimize the sum of distances from demands to hospital sites (dxy) in case hospital sites 

are servicing those demands (bxy) multiplied by the amount of demand in each district prefecture 

(Px). Since some demands are being serviced by multiple hospitals, we divide by the number of 

required hospitals to service each district.  

 

Note that the amount of demand included in the objective function represents the number of 

uncovered citizens in each district prefecture. By including this factor, we are enforcing 

locations of facility hospitals to be placed in districts where the demand is high. Consider a 

simple example with two districts comprising 10 and 1,000 citizens respectively. Assuming two 

hospitals to locate and the same distance from districts to hospitals, the objective function 

(without weight) will get 100 times greater (1,000d instead of 10d) if the hospital is located at 

the first district, hence the importance of including this weight in the objective function. By 

doing so, the hospital is automatically located in district 2 as distance gets 100 times smaller. 

 

Moreover, in the P-Median model, all districts must be entirely serviced. In other words, for 

each demand point x, Hx facilities are assigned to service it; all district prefectures have to be 

covered. This is achieved through constraint (2). Constraint (3) ensures that a district can only 

be serviced from facilities that have been located or already existing. Finally, the first constraint 

(1) limits the number of located hospitals to 5. Finally, the last constraint (4) defines bxy and ay 

as binary variables. The x and y subscripts belong to the sets X and Y.  

 



30 
 

𝑀𝑖𝑛:           ∑ ∑
𝑏𝑥𝑦 𝑃𝑥 𝑑𝑥𝑦 

𝐻𝑥

7
𝑦=1

6
𝑥=1     ∀y ∈ Y, ∀x ∈ X                

∑ 𝑎𝑦

6

𝑦=1

≤ Q                                                             (1) 

    

∑ 𝑏𝑥𝑦

7

𝑦=1

= H𝑥     ∀x ∈ X                                       (2) 

 
       𝑏𝑥𝑦 ≤ 𝑎𝑦        ∀y ∈ Y, ∀x ∈ X                             (3) 

 

𝑏𝑥𝑦 , 𝑎𝑦 ∈ {0,1}     ∀y ∈ Y, ∀x ∈ X                   (4) 

 

y = 1,2, … ,7;  x = 1,2, … ,6 

2.4.2 P-Center Problem 

 

Using the P-Center problem, we will provide a minimax solution that seeks to minimize the 

maximum distance traveled by the population of a district prefecture to one of its servicing 

facilities. 

 

In our problem, we define this distance as the average distance of the population of a district 

prefecture x to one of its servicing hospital sites y, as represented in constraint (8). More 

specifically, it signifies that a number Z must be greater or equal than the average distance 

traveled by a population from its demand node i to one of its servicing facilities. Since we 

consider this constraint for each of each and every district prefecture, this implies that Z must 

be greater or equal than the average distance of the population belonging to any district to one 

of its servicing hospitals. As we are dealing with a minimization problem, the value of Z will 

correlate with the exact value of the maximum average distance for a population from the 6 

districts to one hospital. Another way to formulate it is to Z[x] equal to its average distance 

from x to one of its servicing hospitals for the entire population and then pick the the highest 

value. 
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The only difference from the P-Median problem resides in the minimax objective, which is 

denoted by the objective function and constraint (8). Constraints (5), (6), (7) and (10) are 

nothing than constraints (1), (2), (3) and (4) of the P-Median model respectively. Finally, 

constraint (9) ensures that a hospital has necessarily to service the district prefecture within in 

it if it is opened except for CHU Ibn Rochd. 

 

𝑀𝑖𝑛:       𝑍    

∑ 𝑎𝑦

6

𝑦=1

≤ Q                                                      (5) 

      

∑ 𝑏𝑥𝑦

7

𝑦=1

= 𝐻𝑥       ∀x ∈ X                              (6) 

 
𝑏𝑥𝑦 ≤ 𝑎𝑦        ∀y ∈ Y, ∀x ∈ X                    (7) 

 

𝑍 ≥
∑ 𝑏𝑥𝑦𝑃𝑥𝑑𝑥𝑦𝑦𝜖𝑌

𝐻𝑥
       ∀x ∈ X       (8) 

 

𝑏𝑦𝑦 = 𝑎𝑦        ∀y ∈ Y − {7}                         (9) 

 

          𝑏𝑥𝑦 , 𝑎𝑦 ∈ {0,1}     ∀y ∈ Y, ∀x ∈ X             (10) 

 

 y = 1,2, … ,7;  x = 1,2, … ,6 

2.4.3 Maximal Covering Location Problem 

In the P-Median and P-Center problems, each district has to be serviced by the required number 

of facilities assigned to it no matter how far servicing facility sites are from it. In covering 

problems, a facility hospital may service a demand point only within a predefined distance D. 

We will assign to that distance D a number of values varying from 6 to 14 kilometers and 

compare model results. A new constraint is then added to the model in order to limit when a 

hospital can service a district prefecture. Hence, bxy equals 0 if the distance from a district x to 

a facility site y is greater than the distance D: 
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 bxy = 0   if   dxy > D  ∀x ∈ X, ∀y ∈ Y 
 

Let the set Yx = {y | dxy ≤ N} be the set of hospital sites that can service district prefecture x. In 

other words, if a hospital facility y satisfies that inequality, it automatically services demand 

point x. Hence, we do not require that demand points to be fully serviced, unlike the P-Median 

and the P-Center problems. Instead, we would tend to maximize the number of covered- 

populations in districts. Thus, the objective function below is to ensure a maximum district 

population coverage (the quantity cx/Hx represents the proportion of covered population). For 

that, we add a number of constraints among which constraint (10) limits the number of located 

hospitals in Y to 5. Constraint (11) assigns the variable cx, alias the number of hospitals that 

may service a district prefecture, to the number of located facilities in the set Yx. Besides, 

constraint (12) requires the variable cx to be less that Hx so that our proportion does not exceed 

1 in the objective. We finally include constraint (13) and (14) to declare ay as a binary variable 

and cx as a nonnegative integer. The x and y indexes belong to the sets X and Y.  

𝑀𝑎𝑥:           
∑ 𝑃𝑥 𝑐𝑥

6
𝑥=1

𝐻𝑥
                   

∑ 𝑎𝑦

6

𝑦=1

= Q                                                              (10) 

 

∑ 𝑎𝑦

y∈𝑌𝑥

≥ 𝑐𝑥   ∀x ∈ X                                           (11) 

    
𝐻𝑥 ≥ 𝑐𝑥   ∀x ∈ X                                                  (12) 

 
 

𝑎𝑦 ∈ {0,1}     ∀y ∈ Y                                            (13) 

    

𝑐𝑥 ≥ 0 and integer   ∀x ∈ X                              (14) 

 

 y = 1,2, … ,7;  x = 1,2, … ,6 
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2.5 Results and Discussion 

We now present the solutions found by the models employed. We proceeded by coding each 

model formulation in Julia and use the Gurobi Optimizer Solver to solve the problem. All 

solutions obtained are solved to optimality; algorithms used in the solving process are exact 

algorithms. Codes and other details of results can be found in Appendix B.  

                   

      Solutions 

 

 

Models 

 

Optimal 

Value of the 

Objective 

Function    

 

Located 

Facility 

Hospitals 

 

Districts 

1 2 3 4 5 6 

Serviced by 

 

P-

Median 
 

 

Total weighted 

distance (km): 

8,123,402 

 

1,3,4,5,6 

 

1 

 

7 

 
3,5,7 

 

1,4,5 

6,7 

 

5,6 
 

5,6 

 

P-Center 

 

Maximum service   

distance (km): 

4,885,577 

 

1,3,4,5,6 
 

1 
 

7 

 

 

3,5,7 

 
1,4,5 

6,7 

 

5,7 

 

 

6,7 

 

 

Maximal 

Covering 

Location 

Problem 

 

N=6 

Population 

Covered: 

587,587 

(47.21%) 

 

1,2,4,5,6 

 

1 

 

2 

 

― 

 

4 

 

5,6 

 

5,6 

 

N=10 

Population 

Covered: 

937,267 

(75.31%) 

 

1,2,3,4,5 

 

 
1,4, 

5,7 

 
 

2,3,7 

 
 

2,3,7 

 

1,4 

 

1,5,7 

 

4,5,7 

 

N=14 

Population 

Covered: 

1,244,536 

(100%) 

 

1,3,4,5,6 

 

 
1,4, 

5,7 

 
 

3,5,7 

 
 

3,5,7 
 

1,4,5 

6,7 

 
1,3,4 

6,7 

 
4,5, 

6,7 

Table 8:  Summary of Results 
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As displayed in Table 8, results obtained using the P-Median and the P-Center problems 

indicate that facility hospitals should be located in Hay Mohammadi, Aïn Chock, Ben M’sick, 

Sidi Bernoussi, and Moulay Rachid. Hay Hassani is logically excluded from the set of solutions 

as it has the lowest demand point, while we would like to locate our hospital facilities in district 

prefectures where demands are more significant. Figure 6 displays the distribution of current 

hospitals and those located using the P-Median and P-Center models. 
 

 

 

Figure 6: Visualization of P-Median and P-Center Results 

 

Table 9 presents the breakdown of the P-Median model results. 

 

Table 9: Breakdown of P-Median Model Results 

 

District 

 

Average Distance per 

Servicing Facility (km) 

 

Average Distance per 

Citizen per Facility (km) 

Hay Mohammadi 0 0 

Hay Hassani 692,047.2 8.2 

Aïn Chock 1,681,347.6 6.8 

Sidi Bernoussi   4,885,577.1 9.54 

Ben M’sick                399,031.7 2.65 

Moulay Rachid                 465,399 2.85 

Average 
 

1,353,900 

 

6.53* 
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On average, any population of a Casablanca district prefecture should cover a distance of 

1,353,900 km to reach a servicing facility hospital, while each citizen would have to travel an 

average distance of 6.53 km to go to a servicing facility.  

 

For the P-Center problem, we got an optimal value of 4,885,577.1, which corresponds to the 

average distance covered by the population of demand point 4, Sidi Bernoussi, to reach one of 

its servicing hospitals. This means that in the worst case scenario, we would locate hospitals at 

Hay Mohammadi, Aïn Chock, Sidi Bernoussi, Ben M’sick, and Moulay Rachid, such that each 

population would not travel a distance exceeding 4,885,577.1 km to visit a facility hospital. 

More specifically, we gathered the values of the worst-case scenario distances for the entire 

population then for each citizen for all districts to reach a facility site based on the results 

provided by the solver in Table 10: 

  

Table 10: Breakdown of P-Center Model Results 

Hence, for the worst case scenario, a Hay Hassani inhabitant would have to travel 8.2 km to 

reach one of its servicing facilities. Ben M’sick has the lowest distance per citizen per facility 

ratio with 4.1 km. On average, a Casablanca district prefecture would have to cover 1,516,152 

km in the worst case so as to reach one of its servicing facilities. Moreover, a Casablanca 

resident should travel 7.31 km at most to have access to one of its servicing facilities.  

 

*Note that 6.53 and 7.31 do not result from the average of averages displayed in tables 9 and 

10, but from the total distance’s division by the number of uncovered citizens of Casablanca. 

 

District 

 

Average Distance per 

Servicing Facility (km) 

 

Average Distance per 

Citizen per Facility (km) 

Aïn Sebaâ-Hay Mohammadi 0 0 

Hay Hassani 692,047  8.2  

Aïn Chock    2,109,926  8.53 

Sidi Bernoussi 4,885,577  9.54 

Ben M’sick     617,370                    4.1 

Moulay Rachid 791,995 4.85 

Average 
 

1,516,152 
 

   7.31* 
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Concerning the maximum covering location problem, we obtained a full coverage of the 

population as long as the distance from district prefectures to hospital facilities does not exceed 

14 km. With this configuration, we exclude Hay Hassani from the set of located hospitals. As 

such, we obtain the same set of facility sites of the P-Median and P-Center problems in which 

service is not dependent on some threshold distance, as we can see in Figure 7. Actually, 

excluding either Hay Hassani or Aïn Chock results in a full coverage of the population. The 

reason for that is that the hospital site at Hay Hassani is located at a distance of 20.3 km from 

Sidi Bernoussi while the hospital site at Aïn Chock is at 21.3 km from Sidi Bernoussi. Both 

distances exceed 14 km and will not service the population of Sidi Bernoussi anyways, that’s 

why excluding any one of these two has no impact on the objective value (excluding Aïn Chock 

has no effect on the coverage of other district prefectures than Sidi Bernoussi neither). 

Nevertheless, the reason the solver has chosen to exclude Hay Hassani in the first place is that 

it has a lower demand than Aïn Chock, and it would be logically better to place our hospitals in 

sites where demands are greater. 
 
 

 

Figure 7: Visualization of MCLP Results (N=14 km) 
 

With N is assigned 10 km, hospitals are located at Hay Mohammadi, Hay Hassani, Aïn Chock, 

Sidi Bernoussi, Ben M’sick, and Moulay Rachid, while covered district prefectures include Hay 

Mohammadi, Hay Hassani, Aïn Chock, Ben M’sick and Moulay Rachid. Again, if we close any 

one of the hospitals other than Hay Hassani and Aïn Chock, we will still get the same coverage 

of the Casablanca population. That is because both of them are ultimately required to ensure a 

full coverage of Aïn Chock, in need of 3 hospitals for service. Moreover, the amount of covered 

populations combined is 937,267. However, Sidi Bernoussi is entirely not covered, as only 2 

hospital facilities are servicing it, while it requires 5 hospitals to be fully covered. 
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Figure 8: Visualization of MCLP Results (N=10 km) 

In addition, when N is given a value of 6, we exclude Aïn Chock from the same set of facility 

sites with 47.21% (587,587) of the population covered. In fact, closing either hospital Aïn 

Chock or Sidi Bernoussi will not affect our optimal value. On the other hand, locating hospitals 

at Hay Mohammadi and Hay Hassani is crucial for the coverage of their respective populations 

as they only need one hospital to be serviced. Similarly, locating both Ben M’sick and Moulay 

Rachid is fundamental as closing any one of them will make both populations in need of 

coverage as 2 facilities are required for service. For the same reasons as above, the solver has 

chosen not to open Aïn Chock as it has a lower demand than Sidi Bernoussi. Only populations 

of Hay Mohammadi, Hay Hassani, Ben M’sick and Moulay Rachid are covered. Although Sidi 

Bernoussi is not entirely covered, it is being serviced by the hospital within it. 
 

 

 

Figure 9: Visualization of MCLP Results (N=6 km) 
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V. Simulation Study for Disaster 

Management by Applying the TSP 
 

1. Problem Formulation 
 

The analysis of the park and forest fire situation in Morocco shows that during the last 50 years 

(1960-2009), nearly 12,912 fires damaged 149,292 ha of forests, representing an average of 

2,986 ha per year, with a maximum of 11,289 ha in 1983 and a minimum of 593 ha in 2002. 

This average annual area represents 0.05% of the total forested area of the country (International 

Forest Fire News, 2001). 

 

The number of fires and areas burned in Moroccan forests and parks are indeed considered 

relatively high, especially taking into account the very low rate of afforestation of the country 

(8%), the arid climate, and the constraints making it extremely difficult to restore wooded areas 

(reforestation, regeneration). Besides, forests and parks are exposed to a robust human pressure. 

Adding to that the inflammability of Morocco parks and forests, just like all Mediterranean 

forests, this overexploitation enhances the risk of fire hazards. Each year, the Kingdom is losing 

around 18 million Dirhams due to such hazards, but the consequences on soil and biological 

diversity are much more severe. The examination of data and reports on forest and park fires in 

the country leads us to draw the following conclusions about the causes of these disasters (ibid): 
 

  The causes of more than half of the fires are not known.  

  The origin of these fires in 40% of cases are due to stubble burning, outdoor fire, vehicle 

gases, cigarette smoke, etc.  

 The rest of causes are intentional. 

 

The high frequency of fires urges us to establish an efficient plan to limit the damage. For this 

reason, we have decided to simulate a case of fire in different locations of the one of the national 

parks. Today, nine national parks are located all over the country (Ham & Hardy, 2007): 
 

 The Ifrane National Park (Middle Atlas). 

 The Tazekka National Park (Middle Eastern Atlas). 

 The Sous-Massa National Park (coastal region south of Agadir). 

 Al Hoceima National Park (Rif). 

 The Toubkal National Park (High Atlas). 

 The National Park of the Eastern High Atlas (High Atlas). 
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 Talassemtane National Park (Western Rif). 

 The Khenifiss National Park (South coast). 

 The National Park of Iriqui (Province of Zagora and Tata). 

According to the Moroccan newspaper Maghress (2010), Ifrane National Park is continuously 

subject to various pressures relating to certain factors: overgrazing, the dynamics of the local 

and urban population, and the overexploitation of the forest. It will then be the subject of our 

fire simulation to find the least time emergency units have to spend to blow out fire in these 

nodes. The park was created in 2004 on an area of more than 50,000 ha and extended in 2007 

to include almost all forests in the province. Today, it covers 125,000 ha, which is 

approximately 33% of the total area of the Ifrane province (Ham & Hardy, 2007). 

 

As it is beyond our knowledge to locate exactly potential fires in the park, we have selected 

randomly 4 distinct forest locations in the National Park of Ifrane to simulate fire on them. 

Although there is a low likelihood that fire occurs at the same time in different locations within 

the park, we may assume that this extreme situation may happen in the worst-case, which make 

the disaster much more difficult to manage. In fact, wildfires that occur simultaneously are more 

complex to control and to put out (Plana et al., 2016). 

 

QGIS was used again to provide access to web mapping applications through the plugin 

OpenLayers. This time, we have chosen Google Hybrid to display satellites images by 

providing a hybrid view from Google Maps to in order to locate the 4 forest locations.  

 

In order to put out these fires, the emergency response crew for the city of Ifrane would have 

to depart from the civil protection department based in the city. Using Google Maps, we could 

get accurately the best time for the fire engine to get to Ifrane National Park. As that time is a 

constant and will neither have an impact on the path followed nor greatly affect the value of our 

objective function, it will be omitted. The arrival location to the park will represent our first 

node. It will play the role of our depot while solving the TSP; it is as a result not a fire location. 
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Figure 10: GPS Distance from the Depot to the First node (New Depot) 

 

Unfortunately, no GIS can generate the exact real distance or time between locations within the 

park, which is understandable, as parks do not have formal routes, traffic lights, or traffic signs. 

For these reasons, we approximated the distances to Euclidean distances using QGIS. It 

provides an interesting feature of measuring the Euclidean distance between any two 

coordinates in the map. The results generated are summarized in Figure 11. 

 

 

 

Figure 11: Euclidean Distances between Fire Locations 
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2. Problem Solving 
 

In this section, we make use of the TSP to deploy emergency care units as fast as possible into 

fire locations within Ifrane National Park.  

 

In order to calculate the based on the QGIS generated distances, we consider that the fire engine 

moves at a speed of 50 km/h. Besides, the fire engine may move to another fire location only if 

it puts out the fire in its current location. We will consider that firefighters would need around 

3 hours to extinguish the fire in each fire location, assuming the fire is not very huge. The time 

matrix for this problem is represented in Table 11: 

 

Nodes 1 (depot) 2 3 4 5 

1 (depot) ― 3.113 3.1744 3.179 3.146 

2 3.113 ― 3.068 3.107 3.0994 

3 3.1744 3.068 ― 3.0686 3.0892 

4 3.179 3.107 3.0686 ― 3.0407 

5 3.146 3.0994 3.0892 3.0407 ― 

Table 11: Time Matrix for the TSP 

The way we will solve this problem is by using the approximation Nearest Neighbor algorithm. 

As it is not an exact algorithm, the solution found is not guaranteed to be optimal. To make sure 

of the exactitude of the solution, we will code the problem using Julia and use the Gurobi 

Optimizer solver, which encompasses exact algorithms, to solve the problem. 

 

2.1 The Nearest Neighbor Algorithm 

The Nearest Neighbor Algorithm (NNA) consists of going to the node with the shortest edge 

and iterate the operation each time as long as we do not revisit a vertex. When all nodes are 

serviced, we go back to the departure node (Gazalba & Reza, 2017).  

 
  

 

 

 

 

 

 

 

 

 

1 

2

  1 

3 

5 

4 

3.113 

3.068 

3.179 

3.041 

3.069 

3.146 

3.107 

3.089 3.174 
3.099 

Time : 3.113 
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1.  
 

 

 

 

 

 

 

 

 

 
  

 

 

 

 

 

 

 

 
 

 

 

2.  
 

 

 

 

 

 

 

 
 

 

 

 

3.  
 

 

 

 

 

 

 

 

1 

2

  1 

3 

5 

4 

3.113 

3.068 

3.179 

3.041 

3.069 

3.146 

3.107 

3.089 3.174 
3.099 

1 

2

  1 

3 

5 

4 

3.113 

3.068 

3.179 

3.041 

3.069 

3.146 

3.107 

3.089 3.174 
3.099 

1 

2

  1 

3 

5 

4 

3.113 

3.068 

3.179 

3.041 

3.069 

3.146 

3.107 

3.089 3.174 
3.099 

1 

2

  1 

3 

5 

4 

3.113 

3.068 

3.179 

3.041 

3.069 

3.146 

3.107 

3.089 3.174 
3.099 

Time : 6.181 

Time : 9.25 

Time : 12.291 

Time : 15.437 
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The path we got using the Nearest Neighbor Algorithm is 1  2  3  4  5  1. However, 

the NNA is just a heuristic approximation algorithm in which the solution is far from guaranteed 

to be optimal especially considering a greater set of nodes. The only way to be sure of the 

solution is by using exact algorithms. 

 

2.2 Linear Programming 

In the second part of the solving process, we will solve the TSP using linear programming. Our 

objective function is to find least time for the fire engine transporting firefighters to go over all 

the nodes then go back to the depot. In this problem, we are considering only one fire truck that 

is designed for firefighting operations. We will briefly explore the case of multiple fire engines 

in the following subsection.  

 

𝑀𝑖𝑛:           ∑ ∑ 𝑥𝑖𝑗  𝑡𝑖𝑗
𝑛
𝑗=1

𝑛
𝑖=1      ∀i ∈ I, ∀j ∈ J                

∑ 𝑥𝑖𝑗

𝑛

i=1

= 1      ∀j ∈ J                                           (A) 

     

∑ 𝑥𝑖𝑗

𝑛

j=1

= 1      ∀i ∈ I                                          (B) 

𝑥𝑖𝑗 + 𝑥𝑗𝑖 ≤ 1      ∀i ∈ I, ∀j ∈ J                (C) 

 
𝑥𝑖𝑗 ∈ {0,1}                                                             (D) 

i = 1,2, … ,5;   j = 1,2, … ,5 

 

 

1 

2

  1 

3 

5 

4 

3.113 

3.068 

3.179 

3.041 

3.069 

3.146 

3.107 

3.089 3.174 
3.099 

Path : 1  2  3  4  5  1 

Time : 15.437 h 
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The first constraint (A) signifies that if the fire engine is in the i-th node, it can only go to one 

of the other remaining fire locations. The constraint (B) means that each fire should be 

extinguished only once. Notice that so far, the problem formulation is exactly the same as an 

assignment problem. However, this formulation would lead to a set of unfeasible solutions in 

the form of subtours, as illustrated:  

 

  
 

 

 

 

 

 

 

 

 

 

As we have 5 nodes, we may have subtours of length 1, 2, 3, and 4. In other words, we can have 

up to n-1 lengths of subtours. For example, we may have subtours of length 1 if the fire engine 

goes from node i directly back to node i (xii=1), which still satisfies other constraints. In order 

to get rid of such subtours, we will add subtour elimination constraints. For subtours of length 

1, we are setting the time from one fire location to the same fire location to infinity instead of 

0. As we are dealing with a minimization problem, xii can never be equal to 1 because the time 

associated with it is very huge. For subtours of lengths 2 or more, we add constraint (C) to make 

sure that if for any two nodes i and j, the fire engine will not go from i to j then directly from j 

to i. 

 

Notice that there is no need to include subtour elimination constraints of subtours of length 3 

and 4. The reason is that in our problem with only 5 nodes, subtours of length 3 can only occur 

if there exist subtours of length 2 or 1. Hence, by eliminating subtours of length 1 or 2, we are 

automatically eliminating subtours of length 3. Similarly, subtours of length 4 can only be 

associated with subtours of length 1. The elimination of one of them will directly remove the 

other. The decision variable xij is set to be a binary variable (Constraint D).  

 

The objective value obtained is similar to the one obtained with NNA (15.473 hours). Again, 

that does not imply that the Nearest Neighbor Algorithm is accurate; the solution would have 

< 

1 

2

  1 

3 

5 

4 

3.113 
3.069 

3.146 

3.099 

3.069 

Subtour of Length 3 Subtour of Length 2 
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been undoubtedly different considering other fire locations. The path followed by the fire 

engine is either 1  2  3  4  5  1 or the other way round.  

 

3. Solution Improvement 
 

3.1 Exclude the Depot from the Objective Function 

In times of disasters and emergencies, the primary goal is to attempt to put an end to the disaster 

as fast as possible. If the disaster is a fire as in our case, emergency units should be deployed 

so that the time to put out the fire in the last affected location is minimized. Heading back to 

the depot is not of primary importance. For this reason, we will solve again the problem. To 

realize that, it is enough to change the previous objective function to the following:  

𝑀𝑖𝑛:           ∑ ∑ 𝑥𝑖𝑗  𝑡𝑖𝑗

𝑛

𝑗=2

𝑛

𝑖=1

     ∀i ∈ I, ∀j ∈ J 

This ensures that the fire engine would not return to the depot, which we set to be node 1, as it 

is not a fire location. Solving the problem in Julia using Gurobi Solver yields an objective value 

of 12.29 hours with the same path followed as the usual TSP formulation (1  2  3  4  

5).  

 

In this case, there was no noticeable improvement of the solution as there was no change in the 

path. Usually, especially considering a greater set of nodes, there may be huge improvements 

to the value of the objective function. For example, considering a node not selected as our last 

node in a usual TSP just because the time to go back to the depot node is huge, chances are that 

this node may be our last node while solving the problem as on open TSP.  

 

3.2 Consider More Than One Fire Engine 

In this subsection, we will provide a formulation of the TSP with more than one fire engine, 

first by considering cases where fire engines have to go back to the first node, then where they 

do not have to.  

 

Constraint (E) ensures that each vehicle which travels from the first node (i.e. the depot), it 

should go to only one fire location. Constraint (F) indicates that each fire engine should go back 

to the depot from only one node. In other words, both constraints ensure that each fire truck 

should start from the depot and to go to one node and should go back to the depot from that 
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node. Constraints (G) and (L) ensure that for the nodes other than the depot, only one fire engine 

has to visit it and only one has to exit it. The constraint (M) is to ensure that for each node, 

whatever fire engine that goes into it is the same that should exit it. Moreover, the constraint 

(N) implies that Z should be greater or equal to the maximum time traveled by one of the fire 

engines. Since the objective function is to minimize that value, it will be equal to the largest 

time spent by any one of the fire trucks. Constraint (O) eliminates subtours for each vehicle. 

Finally, we include constraint (P) to define xijk as a binary variable. 

 

𝑀𝑖𝑛:           𝑍 

∑ 𝑥1𝑗𝑘

𝑛

j=2

= 1      ∀k ∈ K                                                              (E) 

     

∑ 𝑥𝑖1𝑘

𝑛

i=2

= 1      ∀k ∈ K                                                              (F) 

∑ ∑ 𝑥𝑖𝑗𝑘

𝑛

i=1

𝑛

𝑘=1

= 1      ∀j ∈ 2,3,4,5                                           (G) 

 

∑ ∑ 𝑥𝑖𝑗𝑘

𝑛

j=1

𝑛

𝑘=1

= 1      ∀i ∈ 2,3,4,5                                           (L) 

 

                 ∑ 𝑥𝑖𝑗𝑘 = ∑ 𝑥𝑗𝑖𝑘

𝑛

j=1

𝑛

j=1

      ∀i ∈ I, ∀k ∈ K                             (M) 

 

𝑍 ≥ ∑ ∑ 𝑥𝑖𝑗𝑘

𝑛

j=1

𝑛

𝑖=1

 𝑡𝑖𝑗            ∀k ∈ K                                              (N)   

 
𝑥𝑖𝑗𝑘 + 𝑥𝑗𝑖𝑘 ≤ 1      ∀i ∈ I, ∀j ∈ J, ∀k ∈ K                  (O)      

 
𝑥𝑖𝑗𝑘 ∈ {0,1}                                                                                  (P) 

i = 1,2, … ,5;   j = 1,2, … ,5; k = 1, 2 
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Considering one additional fire engine and that the fire engine has to go back to the depot, the 

objective value obtained is 9.37 hours (paths 1  3  2  1 and 1  5  4   1, or the other 

way round), which constitutes a 39.3% improvement from our initial solution (TSP with one 

vehicle).  

 

Now considering an Open TSP, we would have to change constraint (N) to the following:  

𝑍 ≥ ∑ ∑ 𝑥𝑖𝑗𝑘

𝑛

j=2

𝑛

𝑖=1

 𝑡𝑖𝑗            ∀k ∈ K    

As such, we eliminate the time to go from the last fire location to the depot. After solving the 

problem, we realize that the time to get to the last fire location drops to 6.19 hours, which is 

equivalent to a 49.63% improvement over the Open TSP with only one vehicle. One of the fire 

engines would follow the path 1  5  4, while the other would follow the following path: 1 

 2  3. Hence, the more fire engines we add, the less the time is, either to go back to the 

depot or the last fire location. The below table is a summary of all the results. 

 

         Models 

 

 Solutions 

 

TSP with one 

fire engine 

 

Open TSP 

 

TSP with two 

fire engines 

 

Open TSP with 

2 fire engines 

Objective Value 

in Hours 

 

15.437 

 

12.29 

 

9.37 

 

6.19 

 

 

Paths Followed 

 

 

 

1  2  3  4 

 5  1  

(or the other 

way round) 

 

 

1  2  3  4 

 5 

 

1  3  2  1 

and                    

1  5  4   1 

(or the other 

way round) 

 

1  5  4 

 and                     

1  2  3 

Solution 

Improvement 

 

― 

 

None 

 

39.3% 

 

49.63% 

Table 12: Summary Results 
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Remark: 

Note that if we were considering cost parameters for instance instead of time, in which the 

objective function would be to minimize the total cost of traveling, adding more engines 

considering they have to return to the depot would only worsen the objective function value.  

 

To solve this new problem, we eliminate constraint (N) and adjust the objective function to the 

following: 

 

𝑀𝑖𝑛 ∑ ∑ ∑ 𝑥𝑖𝑗𝑘

𝑛

i=1

𝑛

j=1

𝑛

𝑘=1

 𝑐𝑖𝑗        ∀i ∈ I, ∀j ∈ J, ∀k ∈ K  

 

Recall that solving the problem with the usual TSP yielded to a 15.42 value of the objective 

function. Solving this problem in Julia leads an 18.72 objective value with the same paths 

followed by our time-parameters model. 

 

 
 

 

 

 

 

 

 

 

 

 

The reason is that we are now counting the total cost, thus including the time to go back to the 

depot twice. In our original model which considered total time to be minimized, we only took 

into account the path which took the longest amount of time as there was no point of adding 

both times. 

 

 

 

 

1 

2

  1 

3 

5 

4 

3.113 

3.068 

3.179 

3.041 
3.146 

3.174 

Cost = (3.068 + 3.113 + 3.174) + (3.179 + 3.146 + 3.041) = 18.72 
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VI. Conclusion and Future Work 
 

Throughout this project, we demonstrated the importance of operations research in addressing 

healthcare matters. We first focused on locating new facility hospitals in the city of Casablanca, 

depending on what we want to maximize or minimize. Then, we saw how the TSP can be used 

in times of disasters and emergencies to efficiently deploy rescue units to ‘crisis’ nodes. We 

simulated a case of fire occurring simultaneously in 4 locations of Ifrane National Park. Then, 

we solved this problem by introducing several variants to the usual formulation of the TSP. 

Unfortunately, there was not much improvement to our initial solution, probably because the 

set of fire nodes we considered was not that large. With more time, we wish we solve the 

problem with an increased number of fire nodes and notice any changes. 

 

Moreover, one of the future work related to this study is to design a hospital evacuation model 

in one of the hospitals of the country to simulate the case of some adverse event in which the 

hospital must evacuate its patients and relocate them to nearby shelters. Although hospitals are 

rarely subjects to evacuation, it may happen to evacuate a hospital due to some adverse events. 

Actually, the eighth hospital evacuation occurred in Morocco during World War II. The 

objective would be to minimize the threat risk (cause of evacuation) and transportation risk of 

patients. We would also need a couple of parameters that involve the number of patients and 

their types, the number of receiving hospitals and available beds, the type of ambulances, the 

loading and unloading time, etc. 

 

Finally, we would like to emphasize that the fulfillment of this project goes in hand with the 

amelioration of the healthcare status in Morocco that is in imperative need of reform and 

improvements. Unfortunately, as we saw in section I.1.1, only 1.5% of the Ministry of Health 

budget is allocated to research in the field. We greatly hope that this study may offer to the 

Ministry of Interior of the Casablanca-Settat Region an insight in future projects of building 

new hospitals that may serve the population of the city and improve the healthcare status in 

Casablanca. 
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APPENDIX A: Data 
 

      District  Longitude  Latitude 

Hay Hassani 33.5528 -7.6847 

Ben M'sick 33.5394 -7.5711 

Sidi Bernoussi 33.59434 -7.5043 

Moulay Rachid 33.5583 -7.5444 

Ain Chok 33.52065 -7.62715 

Hay Mohammadi 33.5944 -7.5651 

CHU Ibn Rochd 33.5779 -7.62023 

Table 13: Center Points Coordinates of Districts 

 

District 

Prefecture 

Number  

of beds 
Population 

Number of Required 

Hospitals: 

𝟎.𝟖𝟐×𝑷𝒐𝒑𝒖𝒍𝒂𝒕𝒊𝒐𝒏−𝟏,𝟎𝟎𝟎×𝑩𝒆𝒅𝒔 

𝟏,𝟎𝟎𝟎×𝟗𝟎
 

Casa Anfa 1,411 454,908 0 

Al Fida 235 288,426 0 

Hay Mohammadi 278 425,916 0.79  1 

Hay Hassani 315 468,542 0.77  1 

Aïn Chock 107 377,744 2.25  3 

Sidi Bernoussi 95 627,968 4.67  5 

Ben M’sick 80 248,138 1.37  2 

Moulay Rachid 250 468,176 1.49  2 

Table 14: Estimation of the Required Number of Hospitals in Each District 
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District 

Prefecture 

Number  

of beds 

Covered Population: 

𝑩𝒆𝒅𝒔 × 𝟏, 𝟎𝟎𝟎

𝟎. 𝟖𝟐
 

Uncovered Population: 

𝑻𝒐𝒕𝒂𝒍 𝒑𝒐𝒑𝒖𝒍𝒂𝒕𝒊𝒐𝒏

− 𝑪𝒐𝒗𝒆𝒓𝒆𝒅 𝑷𝒐𝒑𝒖𝒂𝒕𝒊𝒐𝒏 

Casa Anfa 1,411 ✓ ― 

Al Fida 235 ✓ ― 

Hay 

Mohammadi 
278 339,024 86,892 

Hay Hassani 315 384,146 84,396 

Aïn Chock 107 130,487 257,257 

Sidi Bernoussi 95 115,853 512,115 

Ben M’sick 80 
 

248,138 

 

150.578 

Moulay Rachid 250 468,176 

 

163.298 

Table 15: Estimation of the Amount of Demand in Each District 

 

 

Fire Nodes Longitude Latitude 

1 (depot) 33.547512 -5.17055 

2 33.53218 -5.24709 

3 33.54036 -5.26672 

4 33.57075 -5.26035 

5 33.57239 -5.22367 

Table 16: Coordinates of Fire Locations 
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APPENDIX B: Julia Codes 

 

 

 
 

 

Figure 12: Data (Hospital Facility Location Problem) 

 

 

 

 

 

 

Figure 13: Data (TSP) 
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Figure 14: P-Median Code 
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Figure 15: P-Center Code 
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Figure 16: Maximal Covering Problem Code 
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Figure 17: TSP Code 
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Figure 18: TSP Code (2 Fire Engines) 

 

 


