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ABSTRACT 

 

Every year the world faces many different and diverse types of disasters. The effects of 

these catastrophes are vast and disastrous for humanity. The most critical stage in the management 

of disasters is the response phase. The design of an effective emergency response network is 

important to mitigate the effects of a disaster. The primary mission of any response system is to 

save the lives of people and rescue civilians, but the emergency systems are working under 

abnormal operating conditions with an overload of demand and a lack of information. Accordingly, 

the decisions made to allocate and schedule multiple types of resource units are critical. This 

dissertation proposes a mathematical model, which applies fuzzy set theory concept, to evaluate 

the expected demand in the disaster-prone area. This can support decision-makers to allocate and 

schedule multiple resource type units accurately. Different heuristics introduced will increase the 

foresight and success of emergency networks and their control of resource systems. Consequently, 

the response system will be more effective in reducing the number of civilian injuries and fatalities. 
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CHAPTER 1 

INTRODUCTION 

 
 Introduction 

Numerous disasters, including tsunamis, hurricanes, and earthquakes, represent one of the 

greatest threats to mankind since they lead to property damage and considerable human losses [1, 

2]. Various institutions and organizations such as the International Federation of Red Cross define 

disasters and one of the most commonly accepted definitions of disaster is as follows: “an 

unexpected, calamitous occurrence that extremely intrudes the operations of the society and leads 

to environmental, material, and human or economic damages that surpass the society’s capability 

to handle using the available resources” [3]. In the context of a global community, disasters are 

considered frequent occurrences. In general, they are subdivided into three major categories: (a) 

natural, (b) technological, and (c) man-made.  

 

 Research Motivation and Background 

Natural disasters occur on a global scale, thus contributing to a high casualty rate and causing 

extensive destructions of communication networks, transportation, utilities, and other constituents 

of civilian infrastructure [2]. According to the available statistical data, approximately 400 

disasters take place annually [4]. In addition, it has been estimated that over the last two decades, 

1,458,706 people have become victims of natural disasters and 5,499,408 people have been 

injured. For instance, cyclonic storm Nargis (2008) and the 2010 Haiti earthquake killed over 

200,000 people in total [5].  These kind of disasters has also resulted in devastating economic 

losses, with over $2 billion lost during the same period [5-7]. In 2001, the Taiwanese faced over 

2,500 deaths and a substantial financial burden due to massive earthquakes.  Being prepared for 
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these disasters is not an easy task and the management of disaster is important to mitigate the 

impact of the disaster. 

Disaster management involves four phases: (a) preparedness, (b) response, (c) recovery, and 

(d) mitigation [2].  The development of strategic plans, which are a part of the preparedness stage, 

is aimed at addressing the consequences of any disaster to prevent/mitigate the occurrence of 

disasters and responding to their aftermath effectively. In turn, such actions as saving lives, 

providing healthcare, and restoring infrastructure are typically undertaken during the response 

stage [2, 8].  The second phase of disaster management implies mitigation of consequences of 

disasters, which means preventing deaths and property losses. The purpose of the emergency 

response, the actions that are taken immediately after a disaster, is to maintain or achieve normalcy 

during a disaster.  International disaster management takes into account the importance of adequate 

relief provision [2].  The third phase – recovery – is a two-fold process. On the one hand, it aims 

to provide physical/psychological recovery of victims and facilitate their social integration. On the 

other hand, it makes it possible for the affected areas to restore the continuity of business. Hence, 

the recovery stage follows the emergency response and alleviates the anguish of the victims caused 

by the disaster’s aftermath [2]. Finally, mitigation involves the use of proactive measures before 

the occurrence of disasters and subsequent emergency responses. Elimination of potential risks 

and outcomes of hazards is the main objective of this phase. In such a way, mitigation decreases 

casualties, as well as financial/property losses [2, 8]. The overview of the four phases of disaster 

management demonstrates that the response stage is of paramount importance since it highlights 

the required steps aimed at reducing fatalities and restraining the negative impact of catastrophes 

[9, 10]. The response phase is the one following the disaster, and therefore, it is critical since it 

involves all measures that are necessary for ensuring the safety of people [1]. 
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Emergency Response Centers (ERCs) are disaster management organizations that are 

responsible for the implementation of emergency strategies and plans in affected areas [8, 11]. In 

many cases, ERCs have a limited understanding of the existing catastrophe and lack the required 

information associated with it (e.g., location, the amount of damage, and the influence on civilians) 

[8]. Therefore, the significance of planning for emergency in the context of such urgent situations 

is indisputable. Thoroughly planned/organized procedures ensure prompt and effective responses 

which in turn, are needed for estimating costs related to the disaster [11]. Efficient distribution of 

available resources can be achieved through timely distribution of the initial information that must 

be precise and trustworthy. Hence, an immediate access to the affected area is the basis for the 

initial information for which there is an urgent need in disaster management [12].  An example of 

the need for this information is the Gujarat earthquake of 2001 [13] during which there was a 3-

day delay in providing the information concerning the affected towns.  

Saving lives is the primary goal of any ERC [2, 8, 14, 15]. Taking critical decisions during 

the first moments that follow the occurrence of a disaster is crucial since they determine success 

in reducing civilian casualties [15, 16]. To be more precise, the first 72 hours constitute the period 

when saving the maximum number of lives is possible [17]. Nonetheless, the strict demands, as 

well as the lack of information, are widespread circumstances under which ERCs operate, and 

therefore, any optional decisions related to resources allocation and scheduling must be completely 

excluded [17-20]. 

Preparedness plans and preparation strategies that are aimed at facilitating ERCs’ decision-

making in the aftermath of disaster remain the subject of much debate among researchers [21]. 

Risk analysis is the core concept of strategy planning; however, insufficient information about the 

frequency of risk is the major obstacle that hinders risk assessment during a disaster [22, 23]. For 
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instance, traditional probabilistic methods applied in fire assessment risks determined by electrical 

errors in factories ensure reliable results due to the availability of the required information. 

Nevertheless, the lack of information makes the use of traditional probabilistic methods a 

challenging issue in the context of risk assessment related to building collapses that occur as a 

consequence of earthquakes. 

 

 Research Scope and Objectives 

The aim of this dissertation is to create a design to support decision-makers of ERC during 

occurrences of natural disasters and circumstances in which there is limited information. The 

proposed design goes through three main stages. The first stage will be in the preparedness phase 

of disasters management.  The aim is to provide a mathematical model to investigate the expected 

risk level when disasters strike depending on the information diffusion method. The second stage 

is to create a linguistic model which will support the decision-making of ERC to evaluate the 

expected weight of demand in disaster-prone areas when the destruction of infrastructure occurs 

and the ERCs have limited information. The final stage, the dissertation proposes a model to 

determine the optimal location for deploying the emergency resource units. This step focuses on 

reducing the total completion time for tasks and minimizing the decision-making time 

(computational time). 

 

 Dissertation Outline 

The remainder of this dissertation is organized as follows: Chapter 2 — introduces the method 

for evaluating the level of risk for natural disaster; Chapter 3 — introduces the linguistic model 

used for evaluating weight of demand in disaster-prone areas; Chapter 4 — introduces heuristics 
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to deploy the emergency resource units; and Chapter 5 — summary and a demonstration of case 

studies. 
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CHAPTER 2 

EVALUATION LEVEL OF RISK OF NATURAL DISASTERS 

2.1. Abstract 

Every year the world faces many different and diverse types of disasters. The effects of 

these catastrophes are vast and disastrous for humanity. The most critical stage in the management 

of disasters is the preparedness phase. Preparation strategies and preparedness plans to support 

decision-making in the emergency response system need more research investigations and new 

tools for analysis. Fuzzy probability by possibility probability distribution (PPD) concept is an 

appropriate method to describe natural disaster risk quantitatively in any region. This research uses 

the interior-outer-set model to assess the risk associated with natural disasters while taking into 

consideration the number of incidents. This can support decision-makers to design strategies and 

preparedness plans to face a natural hazard. A real case study of Jazan City in Saudi Arabia is 

investigated in this research. 

 

2.2. Introduction 

Humanity is becoming ever more vulnerable to disasters such as earthquakes, tsunamis, 

and hurricanes.  All disasters have the potential to cause catastrophic loss of property and the 

environment, as well as appalling deaths [1, 2]. Some organizations, including the Red Crescent 

and International Federation of Red Cross, have a distinct definition of disaster. Disaster refers to 

“an unexpected, calamitous occurrence that extremely intrudes the operations of the society and 

leads to environmental, materials, and human or economic damages that surpass the society’s 

capability to handle using the available resources” [3].  When considering the global community 

as a whole, natural disasters occur frequently.  Disasters can be classified as technological, human-

made, or natural.  
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Natural disasters have frequently occurred in the world, causing massive casualties and 

often destroying infrastructures such as utilities, transportation, and communication networks [2]. 

In the last two decades, 8032 disasters have occurred, with the average being more than 400 

disasters each year [4]. Furthermore, natural disasters are responsible for the death of 1,458,706 

people and causing injury to 5,499,408 people. The earthquakes in Haiti 2010 and Cyclone Nargis 

2008 each accounted for over 100,000 casualties [5]. There is also massive impact on the economy, 

given that more than a trillion dollars have been lost in the last two decades [5-7].  The earthquake 

in Taiwan in 2001 resulted in more than 2500 casualties and caused billions of dollars in losses. 

There are four main phases of disaster management which include preparedness, response, 

recovery, and mitigation [2]. The first component, preparedness, involves the mechanisms and 

preparation of plans and strategy to contain the impacts of disasters. As such, these measures aim 

at preventing and mitigating the occurrence of disasters, thereby decreasing their impacts on 

vulnerable individuals, as well as coping and responding effectively to the consequences of 

disasters.  

Preparation strategies and preparedness plans to support decision-making in the emergency 

response center (ERC) have not been researched significantly and the uncertainty involved in 

disaster management has to be taken into account [8].  When uncertainty is involved in the decision 

making and preparation phase, analyzing the possible risk is a necessary activity for making any 

plan or strategy.  Although, disaster risk assessment faces significant obstacles, especially with the 

lack of information necessary for preparation and the possibilities of risk [9, 10]. For example, 

analysis of the risk of fire incidents in a factory due to electrical errors can be estimated through 

traditional probability methods, and it provides reliable and robust results. This is due to the 

availability of information and its frequency. On the other hand, analyzing the risk of collapsing 
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buildings due to earthquakes is challenging through traditional probabilistic methods because of 

the lack of information. 

Risk is typically two-dimensional in nature. During evaluation, there are two considerations: 

the severity of consequences and the probability of occurrence. When dealing with nature there 

are inherent risks with every disaster.  Risk assessment is the process which gives rise to either 

similar quantification or probability distribution of all events. It determines the uncertainty or 

indefinite occurrence regarding time, and the magnitude of any event. To support risk 

management, which can arise in any circumstances, the study of risk assessment is crucial. Risk 

management is about identification, selection, and implementation of all areas and actions which 

can counter the impact of the event. The evaluation of risk is vital to risk management.  

In some instances, the use of probabilistic methods is useful in controlling the uncertainty 

inherent in any risk. For example, when collecting data on the rate of fire accidents in the 

automobile sector of project, probabilistic methods are used for minimizing the risk involved. 

However, there are cases where the presence of data is insufficient to determine risk. For instance, 

in a city in which the occurrence of an earthquake or flood are very rare, the required data and the 

infrastructure support needed for the analysis of the data may not be available for any statistical 

inference. Thus, the required data which supports natural hazards is not either available or if 

available is often sparse. This research aims to assess the natural disaster risk through fuzzy 

probability and evaluate the expected risk level. 

The rest of this research is organized as follows: Section 2.3 — literature review; Section 

2.4 — interior outer set model; Section 2.5— natural disasters risk level; Section 2.6 — case study; 

and Section 2.7 — conclusion. 
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2.3. Literature Review 

Since uncertainty cannot be avoided, risk is unavoidable as well [8]. Furthermore, there exists 

significant uncertainty with respect to the diversity and variation of future natural hazards. 

Therefore, the risk analysis of natural risks has become more important as well [11]. Considering 

the need for more precision and decision-making efficiency, researchers are developing new risk 

analysis models that makes use of quantitative techniques and rely on statistical calculations, rather 

than emphasizing qualitative measures such as judgment. There are several risk analysis models 

that can be referred to for evaluating and analyzing the extent of the risk. These approaches provide 

reliable subjective results. For example, Failure Mode and Effects Analysis (FMEA) aims to obtain 

reasons for failed practices or processes [12].  

However, there are some disadvantages related to these traditional approaches. For example, 

in the case of sparse or irrelevant data, the reliability of the tests and evaluations cannot be 

confirmed. Furthermore, there are also scenarios when the risk factors are fuzzy and require 

intuitive knowledge and prediction capabilities to make the judgments [13, 14]. Therefore, it can 

be said that even if the risk models are purely probabilistic they can still produce unreliable results.  

Fuzzy methods can be considered more viable only as compared to quantitative methods [15]. 

Fuzzy models have been extensively used in the risk evaluation of natural disasters and their 

related uncertainty issues. Zadeh (1978) developed the Fuzzy Set Theory that was used by several 

other mathematician and scholars as well as for risk assessment [16-19]. A brief description of 

imprecise probability, and Fuzzy probabilistic is presented in Appendix A.1 and Appendix A.2. 

It is crucial to interpret the fuzzy probability of a precise value, since the fuzzy number is 

made up of a nested mix of probability intervals with distinguished alpha-cuts, varying between 0 

and 1. This term assumes that the fuzzy probability might be considered as a synthesis of an 
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interval-valued probability. Basically, the majority of methods aimed at expressing fuzzy 

probability apply this theoretical approach. In addition, some math formalizations have been 

offered for representation of such fuzzy probability. Thus, Buckley (2005) substitutes the precise 

or crisp probabilities with fuzzy probabilities by giving a formal restriction to every event [20]. 

Another method has been provided by Tanaka et al. (1983), Dunyak and Wunsch (1998), Yager 

(1999), and Moeller and Beer (2003) which utilized fuzzy fault trees to generate fuzzy probabilities 

[21-24]. 

The area of our interest is a proper mathematical model that is able to consider the 

imprecision or fuzzy nature provided by incomplete/sparse data samples. A special methodology 

offered by Huang (1996) uses the possibility of distribution for characterizing the probability’s 

fuzziness [10]. Supporting the same idea, Huang (1997) provided the information diffusion theory 

that also makes use of the fuzzy set theory, along with the probability theory and integrated 

dimension of uncertainty [25]. Such a combination can promote the fuzziness of the probability 

based on the derivation, and sparseness of the available data [15, 18]. Furthermore, the interior-

outer-set model (IOSM) that was developed by Huang (2007) is also based on the information 

diffusion theory [26].  This method is used in this research to estimate the level of risk of natural 

disasters.  

 

2.4. Interior Outer Set Model (IOSM) 

This section introduces the interior-outer-set model (IOSM) and a concept of possibility-

probability distribution (PPD). Consider a real-valued random variable X (for instance, the number 

of incident occurrences that takes place after a catastrophe), the range of which is split into several 

intervals 𝐴1, 𝐴2, 𝐴3, … , 𝐴𝑙. Let us assume that 𝑆{𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛} is a selected sample, while 𝑥𝑖 is 
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the number of observations that fit the bin 𝐴𝑖. Huang (2002) relies on a concept of information 

distribution, when the information is distributed to interval 𝐴𝑖 from observation 𝑥𝑟 which is 

computed using Equation (2.1) [27]. Also, 𝑢𝑖 is the middle point of interval 𝐴𝑖 and D equal to 

𝐷 = 𝑢𝑖+1 − 𝑢𝑖. 

 𝑞𝑟𝑖 = {
1 −

|𝑥𝑟 − 𝑢𝑖|

𝐷
    𝑖𝑓   |𝑥𝑟 − 𝑢𝑖| ≤ 𝐷

0                             𝑒𝑙𝑠𝑒                              

 (2.1) 

The author categorizes both the interior and exterior sets for every interval as a set of points 

that belong or do not belong to this specific interval. The respective index sets of interior and 

exterior sets are calculated by: 

 𝑆𝑖 = {𝑠|𝑥𝑠 ∈ 𝐴𝑖} (2.2) 

 𝑇𝑖 = {𝑡|𝑥𝑡 ∉ 𝐴𝑖} (2.3) 

Huang clarifies the leaving possibility for an observation 𝑥𝑠 ∈ 𝐴𝑖 from 𝐴𝑖 and the joining 

possibility of an observation 𝑥𝑡 ∉ 𝐴𝑖 to 𝐴𝑖 by Equation (2.4) and Equation (2.5) respectively. 

 𝑞𝑠𝑖
− = 1 − 𝑞𝑠𝑖 (2.4) 

 𝑞𝑠𝑖
+ = 𝑞𝑡𝑖 (2.5) 

where 𝑞𝑠𝑖 and 𝑞𝑡𝑖 are calculated by Equation (2.1). The joining possibility of an observation to an 

interval presented within this interval, or the leaving possibility from an interval presented beyond 

this interval, usually is equal to zero. The author indicates the probability that X takes a value in 

interval 𝐴𝑖, P(X ∈ 𝐴𝑖) by using the mean of a possibility distribution 𝜋𝑖(𝜃). By defining a set of 

probabilities 𝜃𝑖 =
𝑗

𝑛
  (𝑗 = 0,1, ,2, . . , 𝑛), the possibility-probability distribution (PPD) matrix is 

calculated by Equation (2.6). 

 
    𝜃0 . . 𝜃𝑗     . . 𝜃𝑛 (2.6) 
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𝑢1
. .
𝑢𝑖
. .
𝑢𝑙 [
 
 
 

. . . . . . . . . .

. . . . . . . . . .

. . . . 𝜋𝑖(𝜃𝑗) . . . .

. . . . . . . . . .

. . . . . . . . . .]
 
 
 

 

 

It should be emphasized that fuzzy set theory is used for modeling of imprecise 

probabilities. And, possibility-probability distribution (PPD) is recognized as a fuzzy relationship 

product of a space of elementary events and the universe of discourse of probability. The 

possibility distribution of 𝜋𝑖(𝜃𝑗), as well as its application to approaches of evaluating risks of 

natural disasters will be discussed in the next section. The theory of delivering fuzzy probability 

in terms of using the PPD matrix has resulted in several beneficial outcomes. Importantly, the 

concept has successfully projected the second domain of uncertainty, following the problem of 

sparse or small data samples during a possibility distribution. In this sense, the methodology is 

well-organized to resolve the issues of this exact nature [28, 29]. 

 

2.5. Natural Disasters Risk Level 

As mentioned early, risk assessment is a systematic process for producing a probability 

distribution or alike quantification that represents uncertainty about the occurrence, timing of any 

events. The IOSM model by modifying diffusion function, Equation (2.1), calculates a fuzzy 

probability. This model calls Level of Risk Model (LRM). It gains a significant outcome focusing 

specifically on the limited or sparse sample data. 

Let us set  𝑋 = {𝑥𝑖|𝑖 = 1,2, … , 𝑛} as a set sample, and 𝑥𝑖 ∈ ℝ. The data in the sample is 

divided into intervals. The Equation (2.7) can be applied to estimate the total number of intervals 

or the number of fuzzy relations (𝑚), and 𝑈 = {𝜇𝑗|𝑗 = 1,2, … ,𝑚}  ⊂ ℝ can be used as a discrete 
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universe for these intervals. The output of this Equation will round up, if any fraction value is 

present. The step length (D) between the intervals can be calculated through Equation (2.8). By 

modifying the information diffusion function, which is Equation (2.1), this research diffuses a 

sample point xi using a quadratic function presented in Equation (2.9).   

 𝑚 = 1.87×(n − 1)2/5 (2.7) 

 𝐷 = max
1≤𝑖≤𝑛

𝑥𝑖 − min
1≤𝑖≤𝑛

𝑥𝑖 (2.8) 

 
𝑞𝑖𝑗 =

1

√2𝜋𝐷
𝑒
[−
(𝑥𝑖−𝑢𝑗)

2𝐷2
]
 (2.9) 

Considering 𝐼𝑗 = [𝑎𝑗, 𝑏𝑗[ = [𝑢𝑗 −
𝐷

2
, 𝑢𝑗 +

𝐷

2
[ is the interval for 𝑢𝑗 . The main purpose of 

selecting the interval is to ensure that the sample point xi, remains within 𝐼𝑗 specific interval. To 

keep the Equation simple for understanding, 𝑢𝑗  is used to describe 𝐼𝑗. Considering the occurrence 

of the sample point on the random distribution, it can be derived from  𝐼𝑗.  

All points (either leaving or joining 𝐼𝑗) are shown as 𝑞𝑖𝑗−  and 𝑞𝑖𝑗+ , respectively. For 

calculation purposes, both leaving and joining 𝐼𝑗 sets are also presented in Equations (2.10) and 

(2.11), respectively. 

 𝑞𝑖𝑗
− = {

2(1 − 𝑞𝑖𝑗)    𝑖𝑓  𝑥𝑖 ∈ Xin−j       

0                     𝑖𝑓  𝑥𝑖 ∈ Xout−j     
 (2.10) 

 𝑞𝑖𝑗
+ = {

2𝑞𝑖𝑗              𝑖𝑓  𝑥𝑖  ∈ Xout−j       

0                   𝑖𝑓  𝑥𝑖  ∈ Xin−j          
 (2.11) 
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The internal interval set 𝐼𝑗 is described by 𝑋𝑖𝑛−𝑗. Elements associated with 𝑋𝑖𝑛−𝑗 make the 

interior point for 𝐼𝑗. The external set for 𝐼𝑗 is 𝑋𝑜𝑢𝑡−𝑗. Similarly, elements containing external points 

for  𝐼𝑗 are described by  𝑋𝑜𝑢𝑡−𝑗. 

 𝑋𝑖𝑛−𝑗 = 𝑋 ∩ 𝐼𝑗     ∀  𝑥𝑖 ∈ 𝑋 (2.12) 

 𝑋𝑜𝑢𝑡−𝑗 = 𝑋\∩ 𝑋𝑖𝑛−𝑗   ∀  𝑥𝑖 ∈ 𝑋 (2.13) 

 

Considering the sample points for the observation intervals, 𝑄𝑗− = {𝑞𝑖𝑗−} is the diffusion 

distribution for the membership degrees. On the other hand, 𝑄𝑗+ = {𝑞𝑖𝑗+} makes the membership 

lists for degrees that contain diffusion distribution information. All these samples are derived from 

the outside observation interval. The universe of discourse of probability is shown in Equation 

(2.14). The PPD is evaluated by Equation (2.15). 

 𝑃 = {𝑝𝑜 , 𝑝1, 𝑝2, … , 𝑝𝑛} = {0,
1

𝑛
, … ,

𝑛 − 1

𝑛
,
𝑛

𝑛
} (2.14) 

 𝜋𝐼𝑗(𝑝) =

{
 
 
 
 
 
 

 
 
 
 
 
 
1𝑠𝑡 𝑠𝑚𝑎𝑙𝑙𝑒𝑠𝑡 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑜𝑓𝑄𝑗

−     𝑖𝑓  𝑝 = 0    

2𝑛𝑑 𝑠𝑚𝑎𝑙𝑙𝑒𝑠𝑡 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑜𝑓𝑄𝑗
−    𝑖𝑓  𝑝 =

1

𝑛
     

… . . .

𝐿𝑎𝑠𝑡 𝑙𝑎𝑟𝑔𝑒𝑠𝑡 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑜𝑓𝑄𝑗
−    𝑖𝑓  𝑝 =

𝑛𝑗 − 1

𝑛

1                                                        𝑖𝑓  𝑝 =
𝑛𝑗

𝑛
     

1𝑠𝑡 𝑙𝑎𝑟𝑔𝑒𝑠𝑡 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑜𝑓𝑄𝑗
+     𝑖𝑓  𝑝 =

𝑛𝑗 + 1

𝑛

2𝑛𝑑 𝑙𝑎𝑟𝑔𝑒𝑠𝑡 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑜𝑓𝑄𝑗
+   𝑖𝑓  𝑝 =

𝑛𝑗 + 2

𝑛………
𝐿𝑎𝑠𝑡 𝑠𝑚𝑎𝑙𝑙𝑒𝑠𝑡 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑜𝑓𝑄𝑗

+      𝑖𝑓  𝑝 = 1

 (2.15) 

To obtain fuzzy relations on the Cartesian product space {𝐼1, 𝐼2, … , 𝐼𝑚}×{𝑝𝑜 , 𝑝1, 𝑝2, … , 𝑝𝑛}, 

Equation (2.16) is applied.  
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 Π =

(

 
 
 
 

𝜋𝐼1(𝑝𝑜) 𝜋𝐼1(𝑝1) 𝜋𝐼1(𝑝2) . . 𝜋𝐼1(𝑝𝑛)

𝜋𝐼2(𝑝𝑜) 𝜋𝐼2(𝑝1) 𝜋𝐼2(𝑝2) . . 𝜋𝐼2(𝑝𝑛)
. . . . . . . . . .
. . . . . . . . . .
. . . . . . . . . .

𝜋𝐼𝑚(𝑝𝑜) 𝜋𝐼𝑚(𝑝1) . . . . 𝜋𝐼𝑚(𝑝𝑛))

 
 
 
 

 
      

(2.16) 

   

 

Within the PPD, (𝑚) represents the number of intervals. The probability of number for 

every interval remains (n +1). For any interval 𝐼𝑗, the number of probability remains n +1, 

𝜋𝐼𝑗(𝑝)(𝑖 = 0,1, … , 𝑛). An emphasis on fuzzy relations should lead to the identification of the risk 

level.  

To evaluate the level of risk as a crisp value is going to be derived from the PPD matrix 

that is representing fuzzy relations. Various techniques can be used, including the center-of-gravity 

method (CGM) that gains a crisp value of risk level. The α-cut technique will help to define lower 

and upper boundaries of risk level. Both techniques are implemented in this research. 

 

2.6. Level of Risk Based on Center of Gravity Method 

The total fuzzy expected value for the PPD by the CGM implies that the expected level of 

risk can be evaluated by de-Fuzzification of the fuzzy relations in the PPD by applying Equations 

from (2.17) to (2.19) [26]. 

 

 

 𝑐𝑗 =
∑ 𝑝𝑘𝜋𝐼𝑗(𝑝𝑘)
𝑛
𝑘=0

∑ 𝜋𝐼𝑗(𝑝𝑘)
𝑛
𝑘=0

,        𝑗 = 1,2,… ,𝑚 (2.17) 
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 𝑝𝑗 =
𝑐𝑗

∑ 𝑐𝑗
𝑚
𝑗=1

                       𝑗 = 1,2,… ,𝑚. (2.18) 

 𝐿𝑉 =∑𝑢𝑗𝑝𝑗

𝑚

𝑗=1

 (2.19) 

 

2.7. Level of Risk Based on α-Cut Technique 

The lower and upper boundaries of the risk level will be estimated by using the α-cut 

method. Let (X) will be the universe of discourse of incident x, and P the universe of discourse of 

probability, and 

 

 𝑝(𝑥) = {𝜇𝑥(𝑝)|𝑥 ∈ 𝑋, 𝑝 ∈ 𝑃} (2.20) 

 

be a fuzzy probability distribution. ∀𝛼 ∈ [0,1] selects the elements pi of membership degree 

𝜇𝑥(𝑝𝑖) ≥ 𝛼. The maximum probability becomes 𝑢𝑝𝛼(𝑥), whereas the minimum probability 

remains 𝑙𝑝𝛼(𝑥), which are also shown in Equations from (2.21) and (2.22), respectively.  

  

 𝑙𝑝𝛼(𝑥) = 𝑚𝑖𝑛{𝑝|𝑝 ∈ 𝑃, 𝜇𝑥(𝑝) ≥ 𝛼} (2.21) 

 𝑢𝑝𝛼(𝑥) = 𝑚𝑎𝑥{𝑝|𝑝 ∈ 𝑃, 𝜇𝑥(𝑝) ≥ 𝛼} (2.22) 

The finite closed interval follows Equations (2.23).  

 𝑝𝛼(𝑥) = [𝑙𝑝𝛼(𝑥), 𝑢𝑝𝛼(𝑥)] (2.23) 

 
𝑝𝛼(𝑥) =

𝑢𝑝𝛼(𝑥)

∑ 𝑢𝑝𝛼(𝑥)𝑋
 (2.24) 
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𝑝𝛼(𝑥) =

𝑙𝑝𝛼(𝑥)

∑ 𝑙𝑝𝛼(𝑥)𝑋
 (2.25) 

Where 𝑝𝛼(𝑥) and 𝑝𝛼(𝑥) represent the normalization of 𝑢𝑝𝛼(𝑥) and 𝑙𝑝𝛼(𝑥), respectively. 

Let,  𝐿𝑉𝛼(𝑥) =∑ 𝑥𝑢𝑝𝛼(𝑥)
𝑋

 (2.26) 

 𝐿𝑉𝛼(𝑥) =∑ 𝑥𝑙𝑝𝛼(𝑥)
𝑋

 (2.27) 

 𝐿𝑉𝛼(𝑥) = [𝐿𝑉𝛼(𝑥), 𝐿𝑉𝛼(𝑥)] (2.28) 

Here, 𝐿𝑉𝛼(𝑥) represents the expected level of risk interval of the α-cut set of the fuzzy set. 𝐿𝑉𝛼(𝑥) 

is titled as the lower level of risk, whereas 𝐿𝑉𝛼(𝑥) is the upper level of risk 
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2.8. Case Study 

In this section, the proposed methodology is presented and explained by addressing a case 

study. The case considers a Jazan Region in Saudi Arabia, an area in the southern west of the 

country. It consists of fifteen districts, as shown in Figure 2.1. The fuzzy risk of flood disasters in 

this region will be calculated in a quantitative way by using a series of statistical data, such as the 

time of floods, the number of incidents (NC), and the number of trapped people (TR) from 2000 

to 2004, as depicted in Table (2.1). This case will use the number of incidents to estimate flood 

risk.  

Maghsheiah 

Alasamalh Alkobra 

Almshakh Aldheed 

Alshabitah 

Jedarah 

Alaroos 

Alaseefer 

Alasamalh 
Othmany 

Alkuznah 

Figure 2.1: Jazan City Map [30] 
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Table 2.1: The time of floods, the number of incidents, and the number of trapped people each year from 2000 to 2014 in Jazan 
Region 

Year 

Alasamalh 
Alkobra 

Alasamalh 
Othmany Almshakh Alkuznah Alaroos Maghsheiah Alshabitah Alaseefer Aldheed Jedarah 

Z1 Z2 Z3 Z4 Z5 Z6 Z7 Z8 Z9 Z10 

NC TP NC TP NC TP NC TP NC TP NC TP NC TP NC TP NC TP NC TP 

2000 1 0 5 0 10 2 4 3 2 5 8 3 0 0 5 2 3 0 8 5 

2001 7 0 4 0 6 2 8 9 1 3 6 2 10 9 5 0 2 0 9 8 

2002 9 1 7 0 10 3 4 0 3 7 1 8 6 5 2 8 5 8 5 0 

2003 0 0 1 6 2 8 5 0 0 0 0 0 0 0 1 1 10 7 9 0 

2004 8 2 9 0 0 0 6 0 9 9 7 0 0 0 7 11 1 3 7 3 

2005 10 5 7 0 9 9 8 3 6 5 9 0 8 8 0 0 2 5 0 0 

2006 1 10 0 0 2 5 0 0 0 0 6 8 2 0 9 0 9 0 5 7 

2007 0 0 5 1 9 7 5 5 0 0 3 0 8 3 0 0 8 0 4 8 

2008 3 8 2 1 9 2 9 8 9 2 2 8 4 5 10 8 3 0 10 1 

2009 1 6 8 3 8 0 0 0 10 2 1 3 9 6 7 4 7 0 6 4 

2010 8 1 7 2 0 0 5 6 6 2 4 3 0 0 10 5 3 6 10 2 

2011 5 0 6 2 0 0 5 0 0 0 5 0 2 8 10 7 9 5 9 3 

2012 4 2 2 0 7 8 0 0 1 4 1 2 3 0 0 0 0 0 4 1 

2013 4 8 4 0 1 1 10 7 4 0 0 0 1 0 10 2 0 0 7 1 

2014 3 6 7 0 3 6 1 0 10 1 2 1 7 12 9 3 8 6 9 1 
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This model, LRM, has been programmed in MATLAB software to evaluate the expected 

number of incidents that may occur in each district if flood disaster happened. In this next part, the 

research presents the model functionality on district (Z1) as an example.  

Step 1: Relying on Table (2.3), the sample points (n) equal (15), and 𝑋𝑍1 = {𝑥1, 𝑥2, … , 𝑥𝑛} =

{1,7,9,0,8,10,1,0,3,1,8,5,4,4,3}. Equation (2.19) will derive the number of intervals (m =6). 

Step 2: Relying on Equation (2.18), the step length D equals (2). Then, a discrete universe of 

discourse of 𝑋𝑍1is gained: 𝑈𝑍1 = {0, 2, 4, 6, 8, 10}. The equivalent intervals 𝐼𝑍1 are 𝐼1 =

[−1,1),   𝐼2 = [1,3),   𝐼3 = [3,5),   𝐼4 = [5,7),   𝐼5 = [7,9),   𝐼6 = [9,11). 

Step 3: Equation (2.19) diffuses the sample points to evaluate the distribution information (𝑞𝑖𝑗) 

as shown in Table (2.2). 

Table 2.2: Distribution Information of each sample point (𝑞𝑖𝑗) 
 u1=0 u2=2 u3=4 u4=6 u5=8 u6=10 

x1=1 0.1816 0.1816 0.0612 0.0070 0.0003 0.0000 

x2=7 0.0003 0.0070 0.0612 0.1816 0.1816 0.0612 

x3=9 0.0000 0.0003 0.0070 0.0612 0.1816 0.1816 

x4=0 0.2080 0.1208 0.0236 0.0016 0.0000 0.0000 

x5=8 0.0000 0.0016 0.0236 0.1208 0.2080 0.1208 

x6=10 0.0000 0.0000 0.0016 0.0236 0.1208 0.2080 

x7=1 0.1816 0.1816 0.0612 0.0070 0.0003 0.0000 

x8=0 0.2080 0.1208 0.0236 0.0016 0.0000 0.0000 

x9=3 0.0612 0.1816 0.1816 0.0612 0.0070 0.0003 

x10=1 0.1816 0.1816 0.0612 0.0070 0.0003 0.0000 

x11=8 0.0000 0.0016 0.0236 0.1208 0.2080 0.1208 

x12=5 0.0070 0.0612 0.1816 0.1816 0.0612 0.0070 

x13=4 0.0236 0.1208 0.2080 0.1208 0.0236 0.0016 

x14=4 0.0236 0.1208 0.2080 0.1208 0.0236 0.0016 

x15=3 0.0612 0.1816 0.1816 0.0612 0.0070 0.0003 
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Step 4: Equation (2.10) and Equation (2.11) will evaluate the leaving and joining information, 

respectively. Table (2.3) and Table (2.4) will illustrate the leaving and joining information, 

respectively. 

 

Table 2.3: Leaving Information of each sample point (𝑞𝑖𝑗−) 

 u1=0 u2=2 u3=4 u4=6 u5=8 u6=10 

x1 0.8184 0.8184 0.0000 0.0000 0.0000 0.0000 

x2 0.0000 0.0000 0.0000 0.8184 0.8184 0.0000 

x3 0.0000 0.0000 0.0000 0.0000 0.8184 0.8184 

x4 0.7920 0.0000 0.0000 0.0000 0.0000 0.0000 

x5 0.0000 0.0000 0.0000 0.0000 0.7920 0.0000 

x6 0.0000 0.0000 0.0000 0.0000 0.0000 0.7920 

x7 0.8184 0.8184 0.0000 0.0000 0.0000 0.0000 

x8 0.7920 0.0000 0.0000 0.0000 0.0000 0.0000 

x9 0.0000 0.8184 0.8184 0.0000 0.0000 0.0000 

x10 0.8184 0.8184 0.0000 0.0000 0.0000 0.0000 

x11 0.0000 0.0000 0.0000 0.0000 0.7920 0.0000 

x12 0.0000 0.0000 0.8184 0.8184 0.0000 0.0000 

x13 0.0000 0.0000 0.7920 0.0000 0.0000 0.0000 

x14 0.0000 0.0000 0.7920 0.0000 0.0000 0.0000 

x15 0.0000 0.8184 0.8184 0.0000 0.0000 0.0000 
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Table 2.4: Joining Information of each sample point(𝑞𝑖𝑗+) 

 u1=0 u2=2 u3=4 u4=6 u5=8 u6=10 

x1 0.0000 0.0000 0.0612 0.0070 0.0003 0.0000 

x2 0.0003 0.0070 0.0612 0.0000 0.0000 0.0612 

x3 0.0000 0.0003 0.0070 0.0612 0.0000 0.0000 

x4 0.0000 0.1208 0.0236 0.0016 0.0000 0.0000 

x5 0.0000 0.0016 0.0236 0.1208 0.0000 0.1208 

x6 0.0000 0.0000 0.0016 0.0236 0.1208 0.0000 

x7 0.0000 0.0000 0.0612 0.0070 0.0003 0.0000 

x8 0.0000 0.1208 0.0236 0.0016 0.0000 0.0000 

x9 0.0612 0.0000 0.0000 0.0612 0.0070 0.0003 

x10 0.0000 0.0000 0.0612 0.0070 0.0003 0.0000 

x11 0.0000 0.0016 0.0236 0.1208 0.0000 0.1208 

x12 0.0070 0.0612 0.0000 0.0000 0.0612 0.0070 

x13 0.0236 0.1208 0.0000 0.1208 0.0236 0.0016 

x14 0.0236 0.1208 0.0000 0.1208 0.0236 0.0016 

x15 0.0612 0.0000 0.0000 0.0612 0.0070 0.0003 
 

Step 5: Table (2.3) and Table (2.4) estimate 𝑄𝑗− = {𝑞𝑖𝑗
−} and 𝑄𝑗+ = {𝑞𝑖𝑗

+}.  

Step 6: Defining the universe of discourse of probability leads to the following: 𝑃 =

𝑗

𝑛
  (𝑗 = 0,1, ,2, . . , 𝑛) = {𝑝0, 𝑝1, 𝑝1, … , 𝑝15, } =  {0, 0.0667, 0.1333, 0.2000, 0.2667, 0.3333,

0.4000, 0.4667, 0.5333, 0.6000, 0.6667,   0.7333, 0.8000, 0.8667, 0.9333, 1.00}.  

Step 7: The Fuzzy Risk calculated by the PPD is obtained from Table (2.5) by applying Equations 

from (2.14) to (2.16). For example, in a form A/B (where (A) is the possibility and (B) is 

probability), the interval u4 relations will be as follows:  
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𝜋𝑢4(𝑝) =
0.8184

0
+
0.8184

0.0667
+

1

0.1333
+
0.1208

0.2000
+
0.1208

0.2667
+
0.1208

0.3333
+
0.1208

0.4000
+
0.0612

0.4667

+
0.0612

0.5333
+
0.0612

0.6000
+
0.0236

0.6667
+
0.00695

0.7333
+
0.00695

0.8000
+
0.006954

0.8667
+
0.0016

0.9333

+
0.0016

1.00
 

 

Table 2.5: The possibility-probability distribution PPD 
 u1=0 u2=2 u3=4 u4=6 u5=8 u6=10 

p0 0.7920 0.8184 0.7920 0.8184 0.7920 0.7920 

p1 0.7920 0.8184 0.7920 0.8184 0.7920 0.8184 

p2 0.8184 0.8184 0.8184 1.0000 0.8184 1.0000 

p3 0.8184 0.8184 0.8184 0.1208 0.8184 0.1208 

p4 0.8184 0.8184 0.8184 0.1208 1.0000 0.1208 

p5 1.0000 1.0000 1.0000 0.1208 0.1208 0.0612 

p6 0.0612 0.1208 0.0612 0.1208 0.0612 0.0070 

p7 0.0612 0.1208 0.0612 0.0612 0.0236 0.0016 

p8 0.0236 0.1208 0.0612 0.0612 0.0236 0.0016 

p9 0.0236 0.1208 0.0612 0.0612 0.0070 0.0003 

p10 0.0070 0.0612 0.0236 0.0236 0.0070 0.0003 

p11 0.0003 0.0070 0.0236 0.0070 0.0003 0.0000 

p12 0.0000 0.0016 0.0236 0.0070 0.0003 0.0000 

p13 0.0000 0.0016 0.0236 0.0070 0.0003 0.0000 

p14 0.0000 0.0003 0.0070 0.0016 0.0000 0.0000 

p15 0.0000 0.0000 0.0016 0.0016 0.0000 0.0000 
 

Step 8: After evaluating the PPD, Equations from (2.17) to (2.19) are used to calculate the total 

fuzzy expected value for the PPD regarding all intervals. This value is the expected level of risk 

that equals to 4.305808. 
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Step 9: To evaluate the lower and upper boundaries of risk, Equations (2.21) and (2.22) are to be 

applied. It is assumed that (𝛼 = 0.95). The lower boundary of risk is 𝐿𝑉𝛼 = 4.086957, while the 

upper boundary of risk is 𝐿𝑉𝛼 = 4.857143. It means that there are approximately 4 or 5 potential 

incidents that could occur, with value of 4 being more probable. 

Step 10: All steps are applied similarly to all districts; Table (2.6) shows the results of this model.  

 

Table 2.6: The Risk Results of Analyzing the Number of Incidents  
Block 𝐿𝑉𝛼 𝐿𝑉𝛼 LV Order 

Z1 4.086956522 4.857142857 4.305807907 8 

Z2 4.904347826 5.714285714 5.260138447 3 

Z3 5.128571429 5.422222222 5.243169957 4 

Z4 4.461904762 4.764444444 4.677839728 6 

Z5 4.20010214 4.801242551 4.276113907 9 

Z6 3.727272727 3.933652871 3.879825177 10 

Z7 4.210526316 4.636363636 4.308891166 7 

Z8 5.318181818 5.855487221 5.666377151 2 

Z9 4.282608696 4.825714286 4.764238513 5 

Z10 6.013985421 7.043478261 6.657487184 1 

 

The LV column in Table 2.6 represents the expected fuzzy risk in each district. 𝐿𝑉𝛼 and 𝐿𝑉𝛼 

represent the lower and upper expected risk levels, respectively. In block Z2, the values indicate 

that there are about 4 or 5 incidents that could potentially take place, with value of 4 being more 

probable. In block number Z10, 6 or 7 incidents have been counted as potentially probable, where 

the number of 7 incidents is more likely.  
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Considering the results, it is possible to argue that the expected risk in each district is most 

probable to take place between lower and upper boundaries. These numbers will be used as an 

indicator to provide the response system with as much quantitative information.  Base on this data 

they can develop preparedness plans. This method will assist the decision-makers to estimate the 

level of risk especially when there is a lack of data situation. 

Selecting an appropriate alpha (α) value will allow to decision-makers for design the optimal 

preparedness plans.  The response organizations that have high capacity and capability of 

emergency system will work with high level of confidence.  On the other hand, the organizations 

that have low capacity and capability of emergency system should work with low level of 

confidence. The given α that used in this research equals to 0.95. As noted, the variation between 

the upper and lower intervals in most districts lies between 0.2 and 0.6. This difference is very 

small, and the interval of the expected number of incidents is very short. This limitation will impact 

the preparedness of emergency plans, reflecting on the quality of emergency services if they are 

incapable to cope with this number of incidents in first period of disasters. 

The arrangement districts based on the expected level of risk is one of the significant outcomes 

obtained in terms of the methodology completion. The district number Z10 is the most vulnerable 

according to the expected risk of 6.657. On the other hand, it is possible to claim that no more than 

7 incidents might take place in this region if flooding disasters happen. In the meantime, district 

Z6 is the less vulnerable region according to the expected risk of 3.879, meaning that maximum 4 

incidents might take place in this region if flooding disasters happen. 
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2.9. Conclusion 

This research addresses method on how to assess the natural geographical risk by using the 

possibility–probability distribution (PPD) concept. It provides a valid framework to estimate the 

expected level of natural risk of flood disasters, as an example of natural disasters, and 

quantitatively determine the flood risk in Jazan city, Saudi Arabia, by considering the number of 

incidents. The model is able to calculate the PPD value in the occurrence of floods, thus solving 

multi-valued probabilities. The precise and significant output facilitates the study. The application 

of the regional risk supports the emergency response centers and decision-makers, who are able to 

fully exploit information about the risk being studied. This research uses a quadratic equation for 

diffusing information. The number of incidents related to natural disasters obtains a significant 

indicator of natural risk level.  

The fuzzy α-cut method represents the fuzzy uncertainty of risk values. In this context, the 

response system leaders should choose confidence interval with caution. They should work within 

a low value of confidence, especially in early phases of a disaster. It means they should make the 

preparedness emergency plans with low value of confidence to cope with a low number of 

incidents base on their capacity. This research focuses on areas of uncommonly happening natural 

disasters. Future studies should keep on examining and resolving a small sample problem 

(incompleteness information) in relation to natural disasters, particularly in a region where natural 

disasters are a scarce case. 



 
 

28 
 

2.10. References 

1. Petak, W.J., Emergency management: A challenge for public administration. Public 
Administration Review, 1985. 45: p. 3-7. 

2. Coppola, D.P., Introduction to International Disaster Management. 2015: Butterworth-
Heinemann. 

3. IFRC. What is a disaster? 2012; Available from: http://www.ifrc.org/en/what-we-
do/disaster-management/about-disasters/what-is-a-disaster/. 

4. EM-DAT: The International Disaster Database; retreived December 20, 2016. 
http://www.emdat.be/database. 

5. Cross, R., World Disasters Report 2010–Focus on Urban Risk. International Federation 
of Red Cross and Red Crescent Societies, Geneva, 2010. 

6. Beckmann, H. and D.M. Simpson, Risk assessment and GIS in natural hazards: issues in 
the application of HAZUS. International Journal of Risk Assessment and Management, 
2006. 6(4-6): p. 408-422. 

7. Thow, A., et al., World Humanitarian Data and Trends 2013. 2013. 
8. Karimi, I. and E. Hüllermeier, Risk assessment system of natural hazards: A new 

approach based on fuzzy probability. Fuzzy Sets and Systems, 2007. 158(9): p. 987-999. 
9. Zou, Q., et al., Fuzzy risk analysis of flood disasters based on diffused-interior-outer-set 

model. Expert systems with applications, 2012. 39(6): p. 6213-6220. 
10. Chongfu, H., Fuzzy risk assessment of urban natural hazards. Fuzzy sets and systems, 

1996. 83(2): p. 271-282. 
11. Chen, L. and E. Miller-Hooks, Optimal team deployment in urban search and rescue. 

Transportation Research Part B: Methodological, 2012. 46(8): p. 984-999. 
12. Wang, D., C. Qi, and H. Wang, Improving emergency response collaboration and 

resource allocation by task network mapping and analysis. Safety science, 2014. 70: p. 9-
18. 

13. Huang, C. and D. Ruan, Fuzzy risks and an updating algorithm with new observations. 
Risk Analysis, 2008. 28(3): p. 681-694. 

14. Altay, N., Capability-based resource allocation for effective disaster response. IMA 
Journal of Management Mathematics, 2012: p. dps001. 

15. Özdamar, L., E. Ekinci, and B. Küçükyazici, Emergency logistics planning in natural 
disasters. Annals of operations research, 2004. 129(1-4): p. 217-245. 

16. Zadeh, L.A., Fuzzy sets as a basis for a theory of possibility. Fuzzy sets and systems, 
1978. 1(1): p. 3-28. 

17. Wex, F., G. Schryen, and D. Neumann, Operational emergency response under 
informational uncertainty: a fuzzy optimization model for scheduling and allocating 
rescue units. 2012. 

18. Feng, L.-H., W.-H. Hong, and Z. Wan, The application of fuzzy risk in researching flood 
disasters. Natural hazards, 2010. 53(3): p. 413-423. 

19. Wex, F., G. Schryen, and D. Neumann, A fuzzy decision support model for natural 
disaster response under informational uncertainty. International Journal of Information 
Systems for Crisis Response and Management, 2012. 4(3): p. 23-41. 

20. Buckley, J.J., Fuzzy probabilities: new approach and applications. Vol. 115. 2005: 
Springer Science & Business Media. 

http://www.emdat.be/database


 
 

29 
 

21. Dunyak, J.P. and D. Wunsch. Fuzzy probability for system reliability. in Decision and 
Control, 1998. Proceedings of the 37th IEEE Conference on. 1998. IEEE. 

22. Tanaka, H., et al., Fault-tree analysis by fuzzy probability. IEEE Transactions on 
reliability, 1983. 32(5): p. 453-457. 

23. Yager, R.R., Decision making with fuzzy probability assessments. IEEE Transactions on 
Fuzzy Systems, 1999. 7(4): p. 462-467. 

24. Möller, B. and M. Beer, Fuzzy randomness: uncertainty in civil engineering and 
computational mechanics. 2004. 

25. Chongfu, H., Principle of information diffusion. Fuzzy sets and Systems, 1997. 91(1): p. 
69-90. 

26. Huang, C., T. Zong, and Z. Chen, Four models to calculate a fuzzy probability 
distribution with a small sample. International Journal of Information Technology & 
Decision Making, 2007. 6(04): p. 611-623. 

27. Chongfu, H. and S. Yong, Towards Efficient Fuzzy Information processing. Physica–
Verlag, A Springer verlag Company, 2002. 

28. Dubois, D. and H. Prade, Fundamentals of fuzzy sets. Vol. 7. 2012: Springer Science & 
Business Media. 

29. Dubois, D., H. Prade, and P. Smets. New semantics for quantitative possibility theory. in 
ECSQARU. 2001. Springer. 

30. Google Map. Jazan City. 2017. 

 

 

 

 

 

 

 

 



 
 

30 
 

CHAPTER 3 

EVALUATING THE EXPECTED WEIGHT OF DEMAND DURING NATURAL 

DISASTER  

3.1. Abstract 

Every year the world faces many different and diverse types of disasters. The effects of 

these catastrophes are vast and disastrous for humanity. The most critical stage in the management 

of disasters is the response phase. The design of an effective emergency response network is 

important to mitigate the effects of a disaster. The primary mission of any response system is to 

save the lives of people and rescue civilians, but the emergency systems are working under 

abnormal operating conditions with an overload of demand and a lack of information. Accordingly, 

the decisions made to allocate and schedule multiple types of resource units are critical. This 

research proposes a linguistic model, which applies fuzzy set theory concept, to evaluate the 

expected demand in the disaster-prone area. This can support decision-makers to deploying 

emergency units more reliable. Consequently, the response system will be more effective in 

reducing the number of civilian injuries and fatalities. 

 

3.2. Introduction 

Humanity is becoming ever more vulnerable to disasters such as earthquakes, tsunamis, 

and hurricanes.  All disasters have the potential to cause catastrophic loss of property and the 

environment, as well as appalling deaths [1, 2]. Some organizations, including the Red Crescent 

and International Federation of Red Cross, have a distinct definition of disaster. Disaster refers to 

“an unexpected, calamitous occurrence that extremely intrudes the operations of the society and 

leads to environmental, materials, and human or economic damages that surpass the society’s 

capability to handle using the available resources” [3].  When considering a global community as 
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the whole, natural disasters occur frequently.  Disasters can be classified as technological, human-

made, or natural. Natural disasters have frequently occurred in the world, causing massive 

casualties and often destroying infrastructures such as utilities, transportation, and communication 

networks [2]. In the last two decades, 8032 disasters have occurred, with the average being more 

than 400 disasters each year [4]. Furthermore, natural disasters are responsible for killing 

1,458,706 people and leaving 5,499,408 people injured. The earthquakes in Haiti 2010 and 

Cyclone Nargis 2008 each accounted for over 100,000 casualties [5]. There is also massive impact 

on the economy, given that more than two billion dollars in have been lost the last two decades [5-

7]. Taiwan earthquakes in 2001 left more than 2500 casualties and caused billions of dollars of 

losses. 

There are four main phases of disaster management which include preparedness, response, 

recovery, and mitigation [2]. The first component, preparedness, involves the mechanisms and 

preparing of plans and strategy to contain the impacts of disasters. As such, these measures aim at 

preventing and mitigating the occurrence of disasters, thereby decreasing their impacts on the 

vulnerable individuals, as well as coping and responding effectively to the consequences of 

disasters. Response entails the actions undertaken to maintain life, improve health, and restore the 

infrastructure during the occurrence of disasters [2, 8]. The response phase also involves the 

measures assumed in mitigating the impacts of a disaster, therefore, decreasing the loss of property 

and deaths. The first immediate response offered during disasters is referred to as the emergency 

response, and is aimed at maintaining normalcy of the situation. The provision of relief is common 

in international disaster management [2]. Recovery involves the process of resuming normal 

circumstances for the victims of disasters, and it is viewed as an approach to facilitate the 

continuity of business as usual. As such, the recovery process commences after the provision of 
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the emergency response to the victims of disasters. It prevents the continued anguish of the victims 

after the impacts of the disastrous events [2]. Mitigation comprises of the measures undertaken to 

decrease or eliminate the risks and impacts of hazards through the execution of proactive 

mechanisms before the provision of emergency response or the onset of disasters. Mitigation, 

therefore, has a significant role in lessening the impacts of disasters by reducing the loss of life 

and property [2, 8]. The response phase of disaster management is the most critical in which 

decisions must be made and what steps must be taken to help limit human fatalities and the overall 

impact of catastrophes [9, 10].  This phase begins immediately after the disaster, and all measures 

are taken to attend to affected people safely [1].  

Because of some confounding variables, such as unclarity of the situation after disasters, 

the response phase could be the most critical one in disaster management [1]. Emergency Response 

Centers (ERC), which are emergency and disaster management command centers, implement 

emergency strategies and distress plans in the region [8, 11]. Usually, ERCs have limited input 

about the actual situation and its related information including the exact place of disaster, the 

magnitude of damage, and the impact of the disaster on the people in the region [8].  Planning for 

emergency in such urgent cases is critical. For example, it is important to respond promptly and 

efficiently through organized activities and procedures to evaluate the estimated cost of disaster 

for humans and properties [11]. The initial information received after the disaster is vital for 

effective allocation of the available resources. Also, it is necessary to deliver precise and reliable 

information in an appropriate method.  That is why there is an urgent need for information based 

on actual access to the catastrophe area [12]. For instance, late information received about affected 

towns in Gujrat during the earthquake of 2001 took almost three days [13].  
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The primary mission of any ERC is to save people’s lives [2, 8, 14, 15]. Critical decisions 

should be taken in the first moments after the disaster strikes. That has the potential to affect the 

number of possible casualties [15, 16].  The first 72 hours after any catastrophe is the most crucial 

time to save as many lives as possible [17].  However, the ERC could not make the optimal 

decisions to allocate and schedule resource units because it works under exceptional operating 

pressures due to the overload of demand and lack of information [17-20].  

The aim of this research is to create a linguistic model to support decision-makers of ERC 

during occurrences of natural disasters and circumstances with limited information. This model 

supports the decision-making of ERC to evaluate the expected weight of demand in disaster-prone 

areas when the destruction of infrastructure occurs and the ERCs have limited information.  

The remainder of this research is organized as follows: Section 3.3 — emergency response 

center; Section 3.4 — developing the model base on the fuzzy approach to evaluate the weight of 

expected demand; Section 3.5 — case study presented while undergoing flood disasters; and 

Section 3.6 — conclusion. 

 

3.3. Emergency Response Center (ERC)  

Understanding how the ERC works under normal circumstances and during incidents helps 

predict demand after large disasters. Typically, the ERC receives information through a 

communication network such as phone calls, alarm systems, and satellite remote sensors [11, 12, 

21]. This in turn creates a clear overall understanding of the situation for the ERC [22]. Examples 

of available information include the location of the incident, the level of severity, and travel times 

between emergency units and incident locations. The leaders of the ERC will make their decisions 

based on this data. These decisions can include finding the shortest path, determining the type of 
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resource unit needed, and allocating how many units should respond [22]. Software and some 

models, such as geographic information systems, provide support in this decision-making [22-24]. 

However, disasters often cause the destruction of infrastructure. When the ERC works with 

limited input, the ERC customarily uses the city database. The information available in the 

database includes population density, district category, traffic density, and different levels of risk 

values based on disaster types. This database is usually prepared during the preparedness phase [2, 

8, 14]. The leaders of ERC make decisions relying on personal experience and the analysis of data 

to discover where the incidents have occurred or which areas have the highest likelihood of an 

incident occurring [8, 17, 18]. In cases like this, decisions are made by relying on human perception 

as the basis of judgements [17, 25]. 

The weight of expected demand in disaster-prone is the target of the ERC, instead of precise 

incidents information [2, 15, 26-29]. Relying on this weight ERC will deploy units in districts. 

When the unit arrives, its crew will assess the weight of incidents and determine the priority of 

incidents. Thus, we propose a model depending on the fuzzy set theory concept to support the ERC 

in evaluating the weight of expected demand in disaster-prone areas and eliminate the fallibility of 

human decision-making. 

 

3.4. Evaluating Expected Weight of Demand Model (EWF) 

This research proposes a linguistic model to evaluate the weight of expected demand in 

disaster-prone (EWF). This model applies Fuzzy Set Theory (FST). Zadeh (1978) proposed FST 

to address ambiguous phenomena problems [30]. Depending on the natural disaster, population 

density and level of risk are the most important variables to evaluate the weight of demand. This 

is taking into consideration the primary mission of ERC: saving the lives of people. The amount 
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of damage is a factor that influences the weight of demand. Many methods can help to obtain a 

level of risk for natural disasters in urban areas [6, 14, 31-39]. This dissertation defines level of 

risk by LRM model which is introduced in chapter 2. The proportion of damage can be accessible 

in real time via advanced disaster detection technology, such as satellite remote sensors [11, 12, 

21, 27, 40]. These variables are obtained from instructions of emergency centers that use in disaster 

situations and literature [1, 8, 14-16, 24, 26, 41-46] 

Population density (PD) and the proportion of damage (D) are defined by five linguistic 

values: very low (VL), low (L), medium (M), high (H), and very high (VH). These variables are 

used within a triangle relationship that shown in Equation (3.1). The trapezoidal relationship uses 

three linguistic values to define the level of risk and the weight of expected demand: low (L), 

medium (M), and high (H). The definition of this variables shows in Equation (3.2).  Triangle and 

trapezoidal fuzzy relationships are the most popularly used forms of fuzzy membership because 

they can be treated mathematically and inferred intuitively [47]. Consequently, these relations are 

applied in this research. The definitions of these relations show in Figures 3.1 and 3.2, triangular 

and trapezoidal relationship respectively. The membership of these relations is illustrated in 

Equation (3.3) and Equation (3.4) respectively.   

 

 

 𝑃𝐷j(𝑥) , 𝑜𝑟, 𝐷j(𝑥) =

{
 
 

 
 
𝑉𝐿        𝑖𝑓 (0)% ≤ 𝑥 ≤ (20)%   

𝐿        𝑖𝑓 (0)% ≤ 𝑥 ≤ (40)%        

𝑀        𝑖𝑓 (20)% ≤ 𝑥 ≤ (60)%    

𝐻        𝑖𝑓 (40)% ≤ 𝑥 ≤ (80)%     

𝑉𝐻        𝑖𝑓 (60)% ≤ 𝑥 ≤ (100)%
0            𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                          

 (3.1) 
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 𝐿𝑉j(𝑥), 𝑜𝑟, 𝑤j(𝑥) = {

𝐿        𝑖𝑓 (0)% ≤ 𝑥 ≤ (40)%   

𝑀        𝑖𝑓 (20)% ≤ 𝑥 ≤ (80)%

𝐻        𝑖𝑓 (60)% ≤ 𝑥 ≤ (100)%
0            𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                     

 (3.2) 

 𝜇Ã(𝑥) =

{
 
 

 
 
𝑥 − 𝑎1
𝑎2 − 𝑎1

    𝑖𝑓 𝑎1 ≤ 𝑥 ≤ 𝑎2

𝑎3 − 𝑥

𝑎3 − 𝑎2
     𝑖𝑓 𝑎2 ≤ 𝑥 ≤ 𝑎3

0              𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (3.3) 

 𝜇Ã(𝑥) =

{
 
 

 
 

𝑥 − 𝑎1
𝑎2 − 𝑎1

    𝑖𝑓 𝑎1 ≤ 𝑥 ≤ 𝑎2

1,                𝑖𝑓 𝑎2 ≤ 𝑥 ≤ 𝑎3
𝑥 − 𝑎4 − 𝑥

𝑎3 − 𝑎4
     𝑖𝑓 𝑎3 ≤ 𝑥 ≤ 𝑎4

0              𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (3.4) 

Where a1, a2, a3, and a4 are real numbers and 𝜇Ã(𝑥) is fuzzy membership.  

     

 

The EWF model applies the fuzzy rule approach that involves a group of IF-THEN rules 

that follow Equation (3.5). The input variables defined by 𝑈 ⊂ 𝑅 also output variables defined 

by 𝑌 ⊂ 𝑅 where R is the set of all real numbers. The alternatives of input and output variables 

can be defined as   𝑥𝑖  , 𝑏𝑖   , 𝑖 =  1, 2…  𝑛, . 

 

𝐼𝐹 𝑢1 𝑖𝑠 𝑥1 𝐴𝑁𝐷 𝑢2 𝑖𝑠 𝑥2 𝐴𝑁𝐷… 𝑢𝑛 𝑖𝑠 𝑥𝑛 𝑇𝐻𝐸𝑁 𝑦1 𝑖𝑠 𝑏2                     (3.5) 

0

1

0 a1 a2 a3
X

𝜇
𝐴
(𝑥
)

  Figure (3.1) A Triangular Fuzzy Membership 
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1

0 a1 a2 a3 a4
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𝜇
𝐴
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)

Figure (3.2) A Trapezoidal Fuzzy Membership 
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The EWF model applies 75 rules between input variables that are PD, LV and D to obtain 

the output variable that is (w). Table (3.1) presents a sample of these rules, and the rest of rules 

please refer to Table A.1 in appendix. These rules are obtained from instructions of emergency 

centers that use in disaster situations and literature [1, 8, 14-16, 24, 26, 41-46]. Also, we conducted 

many interviews with experts who work in different positions in the Saudi Arabia emergency 

system. The EWF model uses proportion values to define the input variables: LV and PD to 

maximum value of these inputs max 𝐿𝑉 and max𝑃𝐷. Equation (3.6) shows the proportion of 

population density 𝑃𝑃𝐷𝑗  in any district (j) that has certain population density 𝑃𝐷𝑗 . Equation (3.7) 

shows the proportion of level of risk 𝑃𝐿𝑉𝑗 in any district (j) that has certain level of risk 𝐿𝑉𝑗. 

 

Table 3.1: EWF Model Sample Rules  

 Variable 

Rule Population density 
(PD) 

Proportion of 
Damage (D) Level of Risk Weight of Expected 

Demand (w) 

1 Very Low (VL) Very Low (VL) Low (L) Low (L) 

 

 
𝑃𝑃𝐷𝑗 =

𝑃𝐷𝑗

max
𝑗=1:𝑛

𝑃𝐷𝑗
 (3.6) 

 
𝑃𝐿𝑉𝑗 =

𝐿𝑉𝑗

max
𝑗=1:𝑛

𝐿𝑉𝑗
 

(3.7) 
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Figure (3.3) Surface Rules between Proportion of Population Density and Proportion of 

Level of Risk 

Figure (3.4) Surface Rules between Proportion of Population Density and Proportion of 

Damage 
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Figure 3.3 illustrates the surface of EWF model rules between the proportion of population 

density and the proportion of level of risk versus the weight of expected demand that is output 

variables. Figure 3.4 represents the surface of EWF model rules between the proportion of 

population density and the proportion of damage versus the weight of expected demand. Figure 

3.5 shows the surface of EWF model rules between the proportion of level of risk and the 

proportion of damage versus the weight of expected demand. The EWF model uses the center-of-

gravity method to defuzzify the related fuzzy numbers to obtain the precise demand weight [49, 

50]. 

 

 

Figure (3.5) Surface Rules between Proportion of Level of Risk and Proportion of 

Damage 
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3.5.Case Study 

In this section, the proposed methodology is demonstrated by addressing a case study. This 

case considers a Jazan Region in Saudi Arabia. This region is in the southwest part of the of 

country. It consists of ten districts, as shown in Figure 3.6. Suppose this city received around 1,733 

mm of rainfall. The satellite remote sensor detects the effect of this rain on the city and provides 

the ERC with the proportion of damage that occurs in each block. Table 3.2 illustrates all the data 

available to ERC: population density (PDj); level of risk (LVj), and the proportion of damage for 

each block, where j represents the districts. The EWF model will evaluate the weight of expected 

demand for emergency resource unit services. This model has been programmed with MATLAB 

Software to obtain this weight in disaster-prone areas. Table 3.3 shows the results received.  

 

Maghsheiah 

Alasamalh Alkobra 

Almshakh Aldheed 

Alshabitah 

Jedarah 

Alaroos 

Alaseefer 

Alasamalh 
Othmany 

Alkuznah 

Figure 3.6: Jazan City Map [51] 
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Table 3.2: Data Available of Emergency Response Center 

District 
PD 

(People/
mil2) 

LV D% District 
PD 

(People/
mil2) 

LV D% 

Z1 Alasamalh 
Alkobra 2640 4.3058079 30 Z6 Maghsheiah 846 3.8798251 0 

Z2 Alasamalh 
Othmany 2825 5.2601384 0 Z7 Alshabitah 1460 4.3088911 60 

Z3 Almshakh 533 5.2431699 70 Z8 Alaseefer 2542 5.6663771 0 

Z4 Alkuznah 105 4.6778397 0 Z9 Aldheed 627 4.7642385 80 

Z5 Alaroos 2178 4.2761139 90 Z10 Jedarah 2998 6.4574871 40 

 
 

Table 3.3: Weighing of Expected Demand 

District 
Number 

Proportion of 
population density 

PPDj, (%) 

Proportion of level 
of risk 

PLVj, (%) 

Proportion of 
damaged 
Dj, (%) 

wj, (%) 

Z1 88.058 66.679 30 65.73 

Z2 94.229 81.457 0 0.00 

Z3 17.7785 81.195 70 73.85 

Z4 3.5023 72.4405 0 0.00 

Z5 72.648 66.219 90 78.96 

Z6 28.218 60.0825 0 0.00 

Z7 48.699 66.727 60 66.17 

Z8 84.789 87.7489 0 0.00 

Z9 20.913 73.7785 80 71.22 

Z10 100 100 40 80.82 
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Important results have been obtained using MATLAB Software. These results suggest that 

expected weight of demand in these 6 districts will vary from 65.73% to 80.82%. Moreover, the 

distribution of demand weighing has been focused on blocks that have a high population density 

and a high level of risk.  District Z10 has 80.82% of weight where block Z1 has 65.73% of weight. 

The highest weight of demand, as noted in block Z10, means ERC expects the high weight of 

incidents will occur in this area. Consequently, ERC to make decisions to deploy the emergency 

units to this block as first place.  Block Z2 has the second weight of demand that allow to ERC 

chose this area a next area will deploy the emergency units. 

 

Table 3.4: Comparison between Level of Risk by LRM model and EWF model 
Priority Relying on Level of Risk Priority Relying on EWF model 

Order Dis. 𝑃𝑃𝐷𝑗  𝑃𝐿𝑉𝑗 𝐷𝑗  𝑤𝑗 Order Dis. 𝑃𝑃𝐷𝑗  𝑃𝐿𝑉𝑗 𝐷𝑗  𝑤𝑗 

1 Z10 100 100 40 80.82 1 Z10 100 100 40 80.82 

2 Z3 17.778 81.195 70 73.85 2 Z5 72.64 66.219 90 78.96 

3 Z9 20.913 73.778 80 71.22 3 Z3 17.77 81.195 70 73.85 

4 Z7 48.699 66.727 60 66.17 4 Z9 20.91 73.778 80 71.22 

5 Z1 88.058 66.679 30 65.73 5 Z7 48.69 66.727 60 66.17 

6 Z5 72.648 66.219 90 78.96 6 Z1 88.05 66.679 30 65.73 

 

Comparing the available data in ERC before implementing EWF model and after that is the 

information illustrates in Table (3.4). The level of risk and experience of leaders are the main 

factors that ERC depend for deploying the emergency units before employing the EWF model 

which is the first classification. The second classification based on EWF model that considers all 

input variables.  As noted, the first column in Table (3.4) illustrates the rank of priorities of affected 
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districts before applying EWF model. The district has the highest order of priority indicates that it 

has the highest likelihood of an incident occurring. Therefore, the ERC will start deploying the 

emergency resource units in this region. Whereas, Column 7 of Table (3.4) illustrate the rank based 

on EWF model. As noted, the district Z10 has the first rank of both classifications that will get the 

highest priority from ERC leaders. The district Z3 got on the second rank base on the first 

classification, but it took the third rank based on EWF model. The district Z5 took the last order of 

priority (sixth) relying on the first classification, but it occupied the second order of priority 

depending on EWF model. Considering the results, we can note the EWF model is changing the 

ranking of district priorities. These results support the ERC during deploying the emergency 

resource units particular on lack information situation. 

3.6. Conclusion 

This research presents a methodology for assessing the weight of expected demand in affected 

areas after a natural disaster occurs. Demand on emergency resource services after disaster occurs 

by classifying fuzziness and uncertainty. The EWF model is utilized to investigate the expected 

weight for a flood disaster as an example of natural disasters. The EWF model applies fuzzy set 

theory based on population density, level of risk, and proportion of damage to provide significant 

output. This output supports the emergency response centers and decision-makers for optimally 

deploying emergency resource units’, especially with limited information. The overall aims to 

develop innovative models to support decision maker in ERC to make a reliable and robust 

decision in the shortest time during the response phase.  The model proposed to estimate the weight 

of expected demand for emergency services. EWF model will obtain which area has the highest 

likelihood of demand instead of the number of incidents that is difficult to find during lack of 

information.  
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The data of cases study for EWF model considered on real data from Saudi Arabia. Also, the 

description of the linguistic variables and model rules elicited of Saudi Arabia emergency system 

leaders. That put limitations on models if applied on another region. Future work from this research 

continues to study the lack information circumstances during natural disasters.  The proposed 

linguistic model could be further enhanced by considering time as the new variable.  And it should 

regard more expert knowledge from various emergency system institutions to improve rules 

model.   
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CHAPTER 4  

ALLOCATION AND SCHEDULING OF RESOURCES UNITS DURING NATURAL 

DISASTERS 

4.1. Abstract 

Natural disasters, such as floods, earthquakes, tsunamis, and hurricanes, are among the most 

widespread causes of devastation that affect millions of people worldwide. Disaster management 

involves the crucial phase to face the consequence of the catastrophe that is response phase. This 

phase includes the instant reaction of the emergency resources such as police, emergency medical, 

fire bridge. Lack of time and resources are the typical obstacles encountered by these resources. 

Allocating units and scheduling them effectively to combat these obstacles are important critical 

emergency response activities. This paper considers scheduling of multi-type resource units in 

disaster circumstances. A mathematical model and two heuristics SRU-D, SRU-DD are proposed 

to obtain appropriate solutions in acceptable running times for large instances. Furthermore, one 

significant contribution of this research is to provide a heuristic to deal with the dynamic weight 

of incidents. Multiple case studies of mathematical model and heuristic approaches show the 

significant difference between the scheduling of incidents obtained by deterministic heuristic and 

dynamic heuristic and the effect of changing incident weights over time. 

 

4.2.  Introduction 

Humanity is becoming ever more vulnerable to disasters such as earthquakes, tsunamis, 

and hurricanes.  All disasters have the potential to cause catastrophic loss of property and the 

environment, as well as appalling deaths [1, 2]. Some organizations, including the Red Crescent 

and International Federation of Red Cross, have a distinct definition of disaster. Disaster refers to 

“an unexpected, calamitous occurrence that extremely intrudes the operations of the society and 
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leads to environmental, materials, and human or economic damages that surpass the society’s 

capability to handle using the available resources” [3].  When considering a global community as 

the whole, natural disasters occur frequently.  Disasters can be classified as technological, human-

made, or natural.  

Natural disasters have frequently occurred in the world, causing massive casualties and 

often destroying infrastructures such as utilities, transportation, and communication networks [2]. 

In the last two decades, 8032 disasters have occurred, with the average being more than 400 

disasters each year [4]. Furthermore, natural disasters are responsible for killing 1,458,706 people 

and leaving 5,499,408 people injured. The earthquakes in Haiti 2010 and Cyclone Nargis 2008 

each accounted for over 100,000 casualties [5]. There is also massive impact on the economy, 

given that more than two billion dollars in have been lost the last two decades [5-7]. Taiwan 

earthquakes in 2001 left more than 2500 casualties and caused billions of dollars of losses. 

The primary mission of any Emergency Response Center (ERC) is to save people’s lives 

[2, 8-10]. Critical decisions should be taken in the first moments after the disaster strikes. That has 

the potential to affect the number of possible casualties [10, 11].  However, the ERC should deploy 

emergency resources units in the first moments. The aim of this research to propose model to find 

optimal scheduling plan to deploy the emergency resource units. This step focuses on reducing the 

total completion time overall for tasks and minimizing the decision-making time which are central 

processing unit (CPU). 

The rest of this paper is organized as follows: Section 4.3 – literature review; Section 4.4 - 

problem description; Section 4.5 - mathematical model; Section 4.6 - scheduling resource unit 

heuristics; Section 4.7 - different case studies for both model and SRU heuristics are presented; 

and Section 4.8 contains the conclusion.  
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4.3. Literature Review 

Recent research has broadly highlighted the aspect of allocation and scheduling of 

resources, which has been demonstrated to have a great relevance in various emergency situations, 

as well as in disaster management. Fiedrich et al. (2000) delivered a dynamic optimization model 

to determine the optimal resource schedule with the aim of decreasing the total number of fatalities.  

Their model is developed in such a way that the limitations of rescue time and the quantifiable 

restrictions of rescue funds are mirrored in the emergency resource appointment [12]. Huang et al. 

(2007) recommended a mixed integer linear programming model to allocate resource units among 

an assortment of candidate locations that maximizes service attention and thoughtful transportation 

set-up [13]. Chen and Hooks (2012) articulated the difficulty of ideally positioning municipal 

search and rescue squads to catastrophe sites during post-disaster situations as a multiphase 

stochastic program. However, they also considered multiple resource units and a single category 

of emergency resource in their method [14]. Rolland et al. (2010) advocates for the application of 

decision escalation prototypes in a consolidated approach, with regard to having a specific 

emphasis on the allocation of disseminated resource units to events. They disregard the 

circumstance that resource components are varied in their abilities [15]. Wang et al. (2014) 

recommends a tactic of producing a task system for emergency response based on the snowball 

method. He also recommends a related technique of evaluating a task system with regards to social 

system investigation to contribute to a rational allocation of a particular category of resource and 

directed association [16]. The snowball method is suggested by Goodman (1961). It considers 

mapping the assignment network representing enormous tasks with complex multi-dependencies 

included in the process of emergency response. The snowball method is excellent at creating graph 

models for systems with numerous components and complex interrelationships [17]. 
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 Altay (2012) established twofold capability-based integer programming prototypes to deal 

with the allocation of several resources. Conversely, they fail to deliver any solution for the model, 

as well as the possible encounters over the utilization of similar categories of emergency resources 

[18]. Ozdamar et al. (2004) recommends an operational model for the emergency response concern 

of optimally fulfilling the requirements of these emergency resources in ordinary catastrophes. 

Their model also supposes that the response directives of vehicles are confined in a sequence of 

breakpoints in progression [19]. Wang et al. (2009) suggests a resource-constrained decision 

support workflow prototype and offers a resource prerequisite investigation algorithm. These 

would purportedly prevent resource deficiency in an emergency response coordination based on 

the minimum resource deployment. Conversely, the decision of the least resource set is highly 

problematic in their study. Additionally, only a particular category of the resource is deliberated 

in their suggested model [20]. Barbarosoglu and Arda (2004) suggest a stochastic model 

programming for allocation resources complication. They advance a multi-commodity, multi-

modal system flow design to explain the movement of resources over a transportation network 

[21]. 

 Arora et al. (2010) demonstrates a cost-constrained resource allocation method to cater to 

the great necessity of healthcare resources while undertaking disaster response [22]. Their study 

portrays that postponing the resolution of the amount to be pre-allocated would provide superior 

flexibility in averting the disaster, thus delivering a highly adequate response system. However, 

their study also deliberates on a single resource unit and a single category of emergency resource 

in their method. Wex et al. (2014) suggests a mixed integer non-linear formulation of allocation 

and scheduling of resource units and allocates various upgrading heuristics, in addition to greedy 
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randomized adaptive search procedure (GRASP) metaheuristics to decrease the sum of completion 

times of incidents relying on level of severity [23].  

Han et al. (2011) establishes a technique based on the consecutive sub-problem deciphering 

in Lagrangian relaxation structure and enhances the route volume and location choice in 

emergency relief to avoid the overcrowding initiated by heavy traffic [24]. Su et al. (2016) 

proposes an integer linear programming model and improves a differential heuristic. Also, they 

introduce a new definition for disaster response coalition between the multiple types of resource 

units for building new collaboration teams [25]. However, their model has not considered 

minimizing response time, and they did not apply it to large-scale emergency scenarios. Huang 

and Fan (2011) elaborate on the problem of allocating several emergency service resources to 

guard serious transportation structures. Their study employs a deterministic-stochastic model to 

design different risk levels [26]. Kondaveti and Ganz (2009) present a decision support system for 

allocating resources to offer support to casualties [27]. They utilize linear programming to discover 

an optimal solution for resource allocation and shipping based on fast information gathering from 

emergency response provision organizations. Wex et al. (2011) propose mathematical designs and 

a Monte Carlo-based heuristic for the consolidated arrangement and allocation of rescue elements 

in definite and ambiguous situations [28]. Their study utilizes mixed rescue units into 

consideration for management in a consolidated approach, and they fail to focus on a single 

discrete disaster category only. Zhang et al. (2012) suggest an integer programming model of the 

many resources response storehouses issue with various secondary catastrophes [29].  Also, they 

planned heuristic based linear programming and network optimization heuristic to find the optimal 

allocation of resource units. 
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 Geroliminis et al. (2011) suggest a heuristic solution based on the genetic algorithms for 

the optimal allocation resource units in a municipal transportation system [30]. Huang et al. (2015) 

establish an incorporated multi-objective escalation optimization model to portray the charitable 

aims of emergency resource distribution and dissemination in disaster response tasks [31]. 

Consequently, their study employed a time-space system to integrate the recurrent information and 

resolution apprised in a rolling horizon method. Conversely, they implemented the weighted sum 

technique to incorporate multiple purposes. Their method also fits the single-objective escalation 

model. Wang et al. (2007) focus on a mathematical model, whereby emergency period is vital, and 

the cost is inferior [32]. They computed the universal resource apportionment structure to decipher 

resource conflicts by altering the incomplete resource allocation for each disaster-prone area. 

However, customary techniques in the literature consider only on a single resource or 

occurrence in a given period of limitations on response cost or time. In reality, catastrophes 

typically upset and blowout to vast locations, and a lot of diverse occurrences should be controlled 

concurrently and appropriately in diverse categories of resources. In providing a solution to the 

problem, some intellectuals change their considerations to concurrent occurrences in normal 

disasters. However, they assume that every resource element cannot respond to a single occurrence 

in a given time. 

Furthermore, allocating and scheduling resource units are primary objectives for research. 

Most of the research considers one objective within different types of stochastic or deterministic 

models. Recently, some research has proposed models to deal with both objectives at the same 

time, but it considers only one type of resource or incident.  

Recent research [1-21] has broadly highlighted the allocation and scheduling of resources. 

These aspects have been demonstrated to have significant relevance in various emergency 
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situations and in disaster management. This research is mostly focused on one type of incident and 

a single type of recourse, however, there are various resources that need to be considered after any 

disaster. Furthermore, disasters also produce several types of incidents, such as fire, people 

becoming trapped under collapsed buildings, missing people, floods, and drowning. Such 

situations often occur simultaneously with different degrees of severity. The most significant 

objectives of this research aim to reduce the number of fatalities by minimize the total time 

required for completing units’ tasks, and recommend methods to allocate units. Research 

conducted by Wex et al. (2014) suggested a binary quadratic formulation to allocate and schedule 

rescue units (GRASP) [23]. In this paper, the formulation’s objective was to minimize the 

weighted sum of completion times in terms of a particular type of resource units and incident.  

This research improves upon the model developed by Wex et al. (2014) in order to deal 

with many classes of resources, as well as various types of incidents.  The objective of this research 

is to propose a model to minimize the number of lives lost by having an effective Emergency 

Response Center. The model will allow ERC’s to take critical decisions during the initial phase 

after the disaster strikes, thus reducing the number of possible casualties.  The model developed in 

this research determines optimal scheduling plan to deploy the emergency resource units. The 

optimal scheduling plan focuses on reducing the total overall completion time for tasks. In 

addition, the model minimizes the decision-making time by minimizing the CPU time for 

determining the results. The objective is to minimize the sum of completion times of all incidents. 
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4.4. Problem Description  

Emergency Response Center (ERC) manages various types of emergency resources, 

including rescue units, fire brigades, the police, and ambulances. All of these are widely spread on 

a large scale and have different numbers of units. Each of these units has different capabilities and 

work capacities according to its possibilities and the number of crewmembers. On the other hand, 

when a disaster occurs, a simultaneous occurrence of multiple incidents takes place as well. Every 

incident has a particular characteristic, including a level of severity and a degree of weight. 

Furthermore, these incidents are widely spread on a large scale.  

The units in the same type of resource have different processing times to handle incidents, 

and this tendency is determined by their having different capabilities and capacities. For example, 

a rescue unit consisting of six teams with professional equipment to search through rubble might 

need approximately 30 minutes to rescue someone. Another unit with the same number of 

crewmembers without professional equipment will need twice as much time. 
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Figure 4.1:  Weight of Incident 
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The most important variable is the level of severity and weight of the incident. Each 

incident starts at the first moment with a specific weight and a specific level of severity. Over time, 

the stability or fluctuation of its weight/intensity is associated with several factors, depending on 

the type of accident. For instance, a fire incident in a residential building consisting of a single 

floor can be characterized with the help of the following scenario: Weight assigned to the incident 

may begin with a specific value and increase with time based on the speed at which the fire spreads 

and it reaches the peak weight at a certain time. After that, as shown in Figure 4.1, as time 

progresses, the weight will drop as the chance of finding survivors start reducing.  After certain 

time, the weight assigned to the incident may be less than the initial weight which indicates that 

the possibility of saving any lives is very low (or it may indicate that all lives have been saved). 

Therefore, one of the critical aspects of the model developed in this research is the concept of 

dynamic weight assignment to each incident through time.   Thus, weight of each incident varies 

with time.  

The dynamic weight of incidents takes different shapes base on the type of incident as 

shown in Figure 4.2. This paper considers two approaches to define the weight of incidents that 

are deterministic and dynamic. The purpose of this research is to introduce a mathematical model 

and heuristic for finding the optimal scheduling for a large number of simultaneous and diverse 

incidents. This model takes into consideration a limited number of emergency response resource 

units.  The capability, capacity, and type of each resource unit is different from each other.  The 

model also considers different types of incidents.  
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4.5. Mathematical Model 

Scheduling and deploying resource units is a complicated problem to solve. It is important 

to clarify that this problem involves both complexity and hardness, especially due to the time 

duration in which decisions have to be made in the emergency response center after a disaster 

strikes. The first part of this research develops a mathematical model for the purpose of managing 

multiple types of the emergency resource units.  This model aims to find the optimal schedules 

and assignments of resource units in response to incidents. The model is presented as a binary 

quadratic formulation. Notations relative to the models are defined as follows: 

• 𝑛: total number of incidents, with set I = 1,..., 𝑛.  

• 𝑡: total number resource types, with set T = 1,..., 𝑡.  
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• 𝑚: total number of resource units, with set k = 1,…, 𝑚. 

• 𝑚𝑡 : total number of resource units type (t), with set 𝑀𝑡 = 1,…, 𝑚𝑡. 

• 𝑤𝑗,𝑡   : weight of incident j for resource type (𝑡). 

• 𝑝𝑗
𝑡,𝑘  : processing time of incident j time by unit k 

• 𝑠𝑖𝑗
𝑡,𝑘  : travel time of unit 𝑘 from incident 𝑖 to incident 𝑗;  

• 𝑐𝑎𝑝𝑗
𝑡,𝑘 = {

1             if unit k is capable of addressing incident 𝑗               
0                                𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                    

 

𝑋𝑖𝑗
𝑡,𝑘 = {

1,if incident i is processed byresource unit k immediately before processing incident j

0 ,                                         𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                             
 

 

𝑌𝑖𝑗
𝑡,𝑘 = {

1,if incident i is processed byresource unit k (at any time) before processing incident j

0,                                      𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                             
 

 

 min∑∑[𝑤𝑡,𝑗∑∑(𝑝𝑖
𝑡,𝑘𝑌𝑖𝑗

𝑡,𝑘 + (𝑝𝑗
𝑡,𝑘 + 𝑠𝑖𝑗

𝑡,𝑘)𝑋𝑖𝑗
𝑡,𝑘 + 𝑌𝑖𝑗

𝑡,𝑘 (∑𝑋𝑙𝑖
𝑡,𝑘𝑠𝑙𝑖

𝑡,𝑘

𝑛

𝑙=0

))

𝑚

𝑘=1

𝑛

𝑖=0

]

𝑛

𝑗=1

𝑇

𝑡=1

 (4.1) 

 
∑∑𝑋𝑖𝑗

𝑡,𝑘

𝑚

𝑘=1

 = 1       , 𝑗 = 1,… , 𝑛;   𝑡 = 1,…𝑇.      

𝑛

𝑖=0

 
(4.2) 

 
∑∑𝑋𝑖𝑗

𝑡,𝑘

𝑚

𝑘=1

 = 1       , 𝑖 = 1,… , 𝑛;   𝑡 = 1,…𝑇.        

𝑛+1

𝑗=1

 
(4.3) 

 
∑𝑋0𝑗

𝑡,𝑘

𝑛+1

𝑗=1

 = 1       , 𝑘 = 1,… ,𝑚;   𝑡 = 1,…𝑇.. 
(4.4) 

 
∑𝑋𝑖,𝑛+1

𝑡,𝑘

𝑛

𝑖=0

 = 1       , 𝑘 = 1,… ,𝑚;   𝑡 = 1,…𝑇. 
(4.5) 
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 𝑌𝑖𝑙
𝑡,𝑘 + 𝑌𝑙𝑗

𝑡,𝑘 ≤ 𝑌𝑖𝑗
𝑡,𝑘 + 1     𝑖 = 0,… , 𝑛;    𝑗 = 1,… , 𝑛 + 1;    𝑘 = 1,… ,𝑚; 

𝑙 = 1, … , 𝑛;  𝑡 = 1,…𝑇. 

(4.6) 

 
∑𝑋𝑖𝑙

𝑡𝑘 = ∑𝑋𝑙𝑗
𝑡𝑘

𝑛+1

𝑗=1

   , 𝑙 = 1,… , 𝑛. , 𝑘 = 1, … ,𝑚;   𝑡 = 1,…𝑇.

𝑛

𝑖=0

 
(4.7) 

 𝑋𝑖𝑗
𝑡𝑘 ≤ 𝑌𝑖𝑗

𝑡𝑘      𝑖 = 0, … , 𝑛;    𝑗 = 1,… , 𝑛 + 1;    𝑘 = 1,… ,𝑚;   𝑡 = 1,…𝑇. (4.8) 

 𝑌𝑖𝑗
𝑡𝑘 ≤ 𝑐𝑎𝑝𝑗

𝑡𝑘     𝑖 = 1,… , 𝑛;    𝑗 = 1, … , 𝑛 + 1;    𝑘 = 1,… ,𝑚;   𝑡 = 1, …𝑇. (4.9) 

 
∑𝑋𝑖𝑙

𝑡𝑘

𝑛+1

𝑙=1

≥ 𝑌𝑖𝑗
𝑡𝑘    𝑖 = 0,… , 𝑛;    𝑗 = 1,… , 𝑛 + 1;    𝑘 = 1,… ,𝑚;   𝑡 = 1, …𝑇. 

(4.10) 

 
∑𝑋𝑙𝑗

𝑡𝑘

𝑛

𝑙=0

≥ 𝑌𝑖𝑗
𝑡𝑘    𝑖 = 0,… , 𝑛;    𝑗 = 1,… , 𝑛 + 1;    𝑘 = 1, … ,𝑚;   𝑡 = 1,…𝑇. 

(4.11) 

 𝑋𝑙𝑗
𝑡𝑘, 𝑌𝑙𝑗

𝑡𝑘 ∈ {0,1}   𝑖 = 0,… , 𝑛;    𝑗 = 1,… , 𝑛 + 1;    𝑘 = 1, … ,𝑚;   𝑡 = 1,…𝑇. (4.12) 

Equation (4.1) represents the objective function of the model that attempts to minimize the 

weighted sum of completion times. This model has two dummy incidents that are incident (0) and 

incident (n+1). The first incident (0) means the home location’s of unit and the second one (n+1) 

represent to last location unit will stop in it after unit complete its tour. This location is the same 

location of last incident location’s of unit tour. Equation (4.2) guarantees that at least one incident 

is processed immediately prior to last incident (n), non-dummy incident for unit k of resource t. 

Equation (4.3) proves there is at least one incident processed immediately after last incident (n), 

non-dummy incident for unit k of resource t. Equation (4.4) and (4.5) ensures that each unit starts 

traveling from its home location’s and will stop at incident (n + 1). Accordingly, Equation (4.6) 

proves that any units should leave incident location after processing it. Equation (4.7) proves that 

If an immediate predecessor for incident j emerges, then there should be a successor it. Equation 
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(4.8) guarantees that all incidents an immediate predecessor by unit (k) of resource (t) is also 

viewed as a general predecessor for this unit. Equation (4.9) clarifies that the unit (k) from the 

resource (t) is not assigned to the incident (i) if this unit is lacking the ability to process this 

incident. Equations (4.10) and (4.11) indicate that unit (k) of resource (t) will not handle incident 

(i) before the incident (j). Equation (4.12) transforms the model into a binary program.  

4.6. Scheduling Resource Unit Heuristics (SRU)  

The mathematical model is a binary quadratic formulation which is NP-hard. This presumes 

that the computational time is large and burdensome and inappropriate for decision makers in ERC.  

The heuristic developed in this paper called the “Scheduling Resource Unit” (SRU) heuristics will 

reduce the computational time to obtain an appropriate scheduling of units when there are high 

number of resources and incidents. SRU heuristics include two different approaches, deterministic 

(SRU-D) and dynamic (SRU-DD) ones. 

4.6.1. Deterministic Approach 

The deterministic heuristic SRU-D approach are defined the input variables as (𝑗) incident, 

(𝑛) total number of incidents, (𝑘) unit, (𝑡) resource type, (𝑤𝑗
𝑡,𝑘) weight of incident (𝑗) for unit (𝑘) 

of resource type (𝑡), (𝑝𝑗
𝑡,𝑘) processing time required for unit (𝑘) of resource (𝑡) to mitigate and 

control the incident (𝑗), (𝑠𝑖𝑗
𝑡,𝑘) travel time for unit (𝑘) of resource (𝑡) from incident (𝑖) to incident 

(𝑗), and (𝑐𝑎𝑝𝑗
𝑡,𝑘) the ability of unit (𝑘) of resource (𝑡) to mitigate and control the incident (𝑗). 

SRU-D defines different new variables which are task time (𝑇𝑆𝑗
𝑡,𝑘), scheduling time (𝑆𝑇𝑘𝑡), ratio 

(𝑅𝑗
𝑡,𝑘).The task time (𝑇𝑆𝑗

𝑡,𝑘) variable is the sum of travel time between the location of unit (𝑘) of 

resource (𝑡) to the location of the incident (𝑗), as well as processing time (𝑝𝑗
𝑡,𝑘) required for unit 
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(𝑘) of resource (𝑡) to mitigate and control the incident (𝑗). The scheduling time (𝑆𝑇𝑘𝑡) is th sum 

of task times (𝑇𝑆𝑗
𝑡,𝑘) of selected incidents for unit (𝑘) of resource (𝑡). The ratio variable (𝑅𝑗

𝑡,𝑘) is 

weight of incident (𝑤𝑗
𝑡,𝑘) divide task time (𝑇𝑆𝑗

𝑡,𝑘). The SRU-D cerates ratio set {𝑅1
1,1, … , 𝑅𝑛

𝑡,𝑘 } for 

all units. Also, it creates unit route sets (𝑈𝑅𝑘𝑡 ) that is the names of selected incidents for all units 

(𝑘) of resources (𝑡). 

SRU-D starts with the calculation of the ratio (𝑅𝑗
𝑡,𝑘) for all incidents (𝑛)  and all units of 

all resources and update the ratio set. SRU-D model sorts the ratios in the descending order and 

prioritizes for all units and all incidents. The incident with the highest ratio is selected first if unit 

has ability to manage it. If unit is not able to manage this incident, then model selects the second 

ratio and so on. After that, SRU-D associates the incident (𝑗) with the unit (𝑘) of resource (𝑡) that 

has the selected ratio. Then, heuristic updates scheduling time (𝑆𝑇𝑘𝑡) and unit route (𝑈𝑅𝑘𝑡 ) of 

unit. (𝑘). Also, SRU-D eliminates the selected incident (𝑗) of incidents set, and it changes the 

location of unit (𝑘) to selected incident’s location. 

Afterward, SRU-D chooses the unit (𝑘) that has minimum value of scheduling time (𝑆𝑇𝑘𝑡) 

for calculation the ratio (𝑅𝑗
𝑡,𝑘) for all remaining incidents. SRU-D model sorts the new ratios in 

the descending order and prioritizes for remaining incidents. The incident (𝑗) with the highest ratio 

is selected first if unit (𝑘) has ability to manage it. If unit is not able to manage this incident, then 

model selects the second ratio and so on. After that, SRU-D associates the incident (𝑗) with the 

unit (𝑘) of resource (𝑡). Then, heuristic updates scheduling time (𝑆𝑇𝑘𝑡) and unit route (𝑈𝑅𝑘𝑡 ) of 

unit. (𝑘). Also, SRU-D eliminates the selected incident (𝑗) of incidents set. It, also, changes the 

location of unit (𝑘) to selected incident’s location. SRU-D heuristic follows previous steps, with 

continuous and systematic naming of all incidents. SRU-D will obtain the unit route (𝑆𝑅𝑘𝑡 ) set and 
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the scheduling time (𝑆𝑅𝑘𝑡 ) for each unit (𝑘). SRU-D heuristics’ deterministic approach is shown 

in Figure 4.3. 

 

4.6.2. Dynamic Approach 

The dynamic heuristic SRU-DD approach are defined the input variables as (𝑗) incident, 

(𝑛) total number of incidents, (𝑘) unit, (𝑡) resource type, (𝑤𝑗
𝑡,𝑘(scheduling time)) weight of 

incident (𝑗) for unit (𝑘) of resource type (𝑡) at the scheduling time, (𝑝𝑗
𝑡,𝑘) processing time required 

for unit (𝑘) of resource (𝑡) to mitigate and control the incident (𝑗), (𝑠𝑖𝑗
𝑡,𝑘) travel time for unit (𝑘) 

of resource (𝑡) from incident (𝑖) to incident (𝑗), and (𝑐𝑎𝑝𝑗
𝑡,𝑘) the ability of unit (𝑘) of resource 

(𝑡) to mitigate and control the incident (𝑗). SRU-DD defines different new variables which are 

task time (𝑇𝑆𝑗
𝑡,𝑘), scheduling time (𝑆𝑇𝑘𝑡), ratio (𝑅𝑗

𝑡,𝑘).The task time (𝑇𝑆𝑗
𝑡,𝑘) variable is the sum of 

travel time between the location of unit (𝑘) of resource (𝑡) to the location of the incident (𝑗), as 

well as processing time (𝑝𝑗
𝑡,𝑘) required for unit (𝑘) of resource (𝑡) to mitigate and control the 

incident (𝑗). The scheduling time (𝑆𝑇𝑘𝑡) is th sum of task times (𝑇𝑆𝑗
𝑡,𝑘) of selected incidents for 

unit (𝑘) of resource (𝑡). The ratio variable (𝑅𝑗
𝑡,𝑘(𝑆𝑇𝑘

𝑡)) is weight of incident (𝑤𝑗
𝑡,𝑘(𝑆𝑇𝑘

𝑡)) divide 

task time (𝑇𝑆𝑗
𝑡,𝑘). The SRU-DD cerates ratio set {𝑅1

1,1(𝑆𝑇1
1),… , 𝑅𝑛

𝑡,𝑘(𝑆𝑇𝑘
𝑡) } for all units. Also, it 

creates unit route sets (𝑈𝑅𝑘𝑡 ) that is the names of selected incidents for all units (𝑘) of resources 

(𝑡). 

As stated before, the weight of incidents is going to change over time. In this sense, the 

SRU-DD calculates the weight of incidents at each step when it updates the scheduling time (𝑆𝑇𝑘𝑡). 

SRU-DD starts with the calculation of the ratio (𝑅𝑗
𝑡,𝑘(𝑆𝑇𝑘

𝑡)) for all incidents (𝑛) and all units of 
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all resources and update the ratio set. In this step, the scheduling times (𝑆𝑇𝑘𝑡) equal zero. SRU-DD 

model sorts the ratios in the descending order and prioritizes for all units and all incidents. The 

incident with the highest ratio is selected first if unit has ability to manage it. If unit is not able to 

manage this incident, then model selects the second ratio and so on. After that, SRU-DD associates 

the incident (𝑗) with the unit (𝑘) of resource (𝑡) that has the selected ratio. Then, heuristic updates 

scheduling time (𝑆𝑇𝑘𝑡) and unit route (𝑈𝑅𝑘𝑡 ) of unit. (𝑘). Also, SRU-DD eliminates the selected 

incident (𝑗) of incidents set, and it changes the location of unit (𝑘) to selected incident’s location. 

Afterward, SRU-DD chooses the unit (𝑘) that has minimum value of scheduling time 

(𝑆𝑇𝑘
𝑡) for calculation the ratio(𝑅𝑗

𝑡,𝑘(𝑆𝑇𝑘
𝑡)) for all remaining incidents. SRU-DD model sorts the 

new ratios in the descending order and prioritizes for remaining incidents. The incident (𝑗) with 

the highest ratio is selected first if unit (𝑘) has ability to manage it. If unit is not able to manage 

this incident, then model selects the second ratio and so on. After that, SRU-DD associates the 

incident (𝑗) with the unit (𝑘) of resource (𝑡). Then, heuristic updates scheduling time (𝑆𝑇𝑘𝑡) and 

unit route (𝑈𝑅𝑘𝑡 ) of unit. (𝑘). Also, SRU-DD eliminates the selected incident (𝑗) of incidents set. 

It, also, changes the location of unit (𝑘) to selected incident’s location. SRU-DD heuristic follows 

previous steps, with continuous and systematic naming of all incidents. SRU-DD will obtain the 

unit route (𝑆𝑅𝑘𝑡 ) set and the scheduling time (𝑆𝑅𝑘𝑡 ) for each unit (𝑘). SRU-DD heuristics’ dynamic 

approach is shown in Figure 4.4. 
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Figure 4.3: Scheduling Resource Unit Heuristics SUR-D 

j=n 

Output: 𝑆𝑇𝑘𝑡    ,   
t = 1,…T ;  k = 1,… , K 

𝑈𝑅𝑘
𝑡    , 

  t = 1, … T ; k = 1,… , K 

𝑆𝑇𝑘
𝑡 = 𝑆𝑇𝑘

𝑡 + 𝑇𝑆𝑗
𝑡,𝑘 , j = j;  t = t ;  k = k 

 𝐴𝑑𝑑 𝑗 → 𝑈𝑅𝑘
𝑡 = {𝑗, … }, t = t ;  k = k 

Relocate 𝑘 in j location 
Eliminate j of incident set 

Input Data:  
 𝑗 = 1,… , 𝑛 ; t = 1,…T ;  k = 1,… , K 
𝑝𝑗
𝑡,𝑘; 𝑐𝑎𝑝𝑗

𝑡,𝑘; 𝑤𝑗
𝑡,𝑘; 𝑠𝑖𝑗

𝑡,𝑘 

𝑆𝑇𝑘
𝑡 = 0, t = 1,…T ;  k = 1,… , K 

Create 𝑈𝑅𝑘𝑡 = {∅}, t = 1,…T ;  k = 1,… , K 

Calculate: 
 𝑇𝑆𝑗

𝑡,𝑘 = 𝑝𝑗
𝑡,𝑘 + 𝑠𝑖𝑗

𝑡,𝑘 , 𝑗 = 1, … , 𝑛 ; t = 1,…T ;  k = 1,… , K 

𝑅𝑖𝑘
𝑡 =

𝑤𝑗
𝑡,𝑘

𝑇𝑆𝑗
𝑡,𝑘൘  , 𝑗 = 1, … , 𝑛 ; t = 1,…T ;  k = 1,… , K 

𝑆𝑇𝑘
𝑡 = 𝑇𝑆𝑗

𝑡,𝑘 , j = j;  t = t ;  k = k 
 𝑈𝑅𝑘𝑡 = {𝑗}, t = t ;  k = k 

Relocate 𝑘 in j location 
Eliminate j of incident set 

𝑐𝑎𝑝𝑗
𝑡,𝑘 = 1 

Sort: ↓ 𝑅𝑗
𝑡,𝑘 → Choose: max 𝑅𝑗

𝑡,𝑘 
Select unit 𝑘 of resource 𝑡 and incident 𝑗 

𝑐𝑎𝑝𝑗
𝑡,𝑘 = 1 

Calculate: 
 𝑇𝑆𝑗

𝑡,𝑘 = 𝑝𝑗
𝑡,𝑘 + 𝑠𝑖𝑗

𝑡,𝑘 , 𝑗 = 1, … , 𝑛 − 1 ; t = t ;  k = k 

𝑅𝑖𝑘
𝑡 =

𝑤𝑗
𝑡,𝑘

𝑇𝑆𝑗
𝑡,𝑘൘  , 𝑗 = 1,… , 𝑛 − 1 ; t = t;  k = k 

 ↓ 𝑆𝑇𝑘𝑡,   t = t ;  k = k → Choose: max 𝑆𝑇𝑘
𝑡 

Select unit 𝑘 of resource 𝑡 

Sort: ↓ 𝑅𝑗
𝑡,𝑘 → Choose: max 𝑅𝑗

𝑡,𝑘 
Select incident 𝑗 
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Figure 4.4: Scheduling Resource Unit Heuristic SUR-DD 

j=n 

Output: 𝑆𝑇𝑘𝑡    ,   
t = 1,…T ;  k = 1,… , K 

𝑈𝑅𝑘
𝑡    , 

  t = 1, … T ; k = 1,… , K 

𝑆𝑇𝑘
𝑡 = 𝑆𝑇𝑘

𝑡 + 𝑇𝑆𝑗
𝑡,𝑘 , j = j;  t = t ;  k = k 

 𝐴𝑑𝑑 𝑗 → 𝑈𝑅𝑘
𝑡 = {𝑗, … }, t = t ;  k = k 

Relocate 𝑘 in j location 
Eliminate j of incident set 

Input Data:  
 𝑗 = 1,… , 𝑛 ; t = 1,…T ;  k = 1,… , K 
𝑝𝑗
𝑡,𝑘; 𝑐𝑎𝑝𝑗

𝑡,𝑘; 𝑤𝑗
𝑡,𝑘; 𝑠𝑖𝑗

𝑡,𝑘 

𝑆𝑇𝑘
𝑡 = 0, t = 1,…T ;  k = 1,… , K 

Create 𝑈𝑅𝑘𝑡 = {∅}, t = 1,…T ;  k = 1,… , K 

𝑤𝑗
𝑡,𝑘 = 𝑓(𝑆𝑇𝑘

𝑡) 𝑗 = 1,… , 𝑛 ; t = 1,…T ;  k = 1,… , K 
 𝑇𝑆𝑗

𝑡,𝑘 = 𝑝𝑗
𝑡,𝑘 + 𝑠𝑖𝑗

𝑡,𝑘 , 𝑗 = 1, … , 𝑛 ; t = 1,…T ;  k = 1,… , K 

𝑅𝑖𝑘
𝑡 =

𝑤𝑗
𝑡,𝑘

𝑇𝑆𝑗
𝑡,𝑘൘  , 𝑗 = 1, … , 𝑛 ; t = 1,…T ;  k = 1,… , K 

𝑆𝑇𝑘
𝑡 = 𝑇𝑆𝑗

𝑡,𝑘 , j = j;  t = t ;  k = k 
 𝑈𝑅𝑘𝑡 = {𝑗}, t = t ;  k = k 

Relocate 𝑘 in j location 
Eliminate j of incident set 

𝑐𝑎𝑝𝑗
𝑡,𝑘 = 1 

Sort: ↓ 𝑅𝑗
𝑡,𝑘 → Choose: max 𝑅𝑗

𝑡,𝑘 
Select unit 𝑘 of resource 𝑡 and incident 𝑗 

𝑐𝑎𝑝𝑗
𝑡,𝑘 = 1 

𝑤𝑗
𝑡,𝑘 = 𝑓(𝑆𝑇𝑘

𝑡) 𝑗 = 1,… , 𝑛 − 1 ; t = 1,…T ;  k = 1,… , K 
𝑇𝑆𝑗

𝑡,𝑘 = 𝑝𝑗
𝑡,𝑘 + 𝑠𝑖𝑗

𝑡,𝑘 , 𝑗 = 1,… , 𝑛 − 1 ; t = t ;  k = k 

𝑅𝑖𝑘
𝑡 =

𝑤𝑗
𝑡,𝑘

𝑇𝑆𝑗
𝑡,𝑘൘  , 𝑗 = 1,… , 𝑛 − 1 ; t = t;  k = k 

 ↓ 𝑆𝑇𝑘𝑡,   t = t ;  k = k → Choose: max 𝑆𝑇𝑘
𝑡 

Select unit 𝑘 of resource 𝑡 

Sort: ↓ 𝑅𝑗
𝑡,𝑘 → Choose: max 𝑅𝑗

𝑡,𝑘 
Select incident 𝑗 
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4.7. Experimental Evaluation 

The General Algebraic Modeling System (GAMS) is used to model the scheduling 

formulation problem. The problem itself is solved using the solver CPLEX 12.7. The 

computational experiments are performed on the Intel i5-6400 CPU 2.71 GHz processor with 12.0 

GB of memory running the Windows 10 operating system. MATLAB R2015b is used to formulate 

the SRA heuristics, and is performed on the same equipment.  

This section will provide several case studies. The introduction will analyze the 

mathematical model and SRU-D approach. Then, it will illustrate different case studies of SRU 

heuristics, involving both deterministic SRU-D and dynamic SRU-DD approaches to determine 

the effect of time on different types of incidents and resources. 

 

4.7.1. Mathematical Model and Deterministic SRU-D Approach 

A given case study is presented to illustrate a solution in terms of the optimization model 

and the SRA deterministic approach using both CPLEX solver and MATLAB. It helps to design 

the optimal schedule for units and minimize the objective value. This case study incorporates two 

types of resources. The first type consists of five units. The second type contains three units. These 

resource units are distributed in an urban area. Fifteen incidents have taken place in same time 

after a natural disaster occurred in the city. Assumption weights of incidents are constant by time, 

which is depicted in Table 4.1. Table 4.2 illustrates the processing time that each unit (j) needs to 

handle the incident (i). This case study assumes all units have ability to manage all incidents. The 

traveling distances between incidents together is shown in Table 4.3.  The traveling distances 

between units and incidents are presented in Table 4.4. 
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Table 4.1: Weights of Incidents  

Resource Incident Weights of Incident Resource Incident Weights of Incident 

1 

1 0.616045 

2 

1 0.136553 
2 0.473289 2 0.721227 
3 0.35166 3 0.106762 
4 0.830829 4 0.653757 
5 0.585264 5 0.494174 
6 0.549724 6 0.779052 
7 0.917194 7 0.715037 
8 0.285839 8 0.903721 
9 0.7572 9 0.890923 
10 0.753729 10 0.334163 
11 0.380446 11 0.698746 
12 0.567822 12 0.19781 
13 0.075854 13 0.030541 
14 0.05395 14 0.744074 
15 0.530798 15 0.500022 

 
 

Table 4.2: Processing Time of Incidents for Units 

R
es

ou
rc

e 

Unit 
Incident 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

1 

1 24 29 11 26 15 15 21 20 13 29 17 18 22 10 23 

2 25 13 19 27 26 13 13 18 15 20 12 12 11 10 19 

3 19 27 12 28 19 12 27 11 18 20 26 12 14 13 21 

4 11 21 30 11 29 28 23 15 11 17 18 29 17 23 16 

5 14 30 10 18 13 22 17 12 28 28 15 30 27 25 25 

2 

1 20 24 20 27 23 23 19 12 27 18 23 19 13 14 29 

2 19 10 12 25 20 26 27 13 26 21 23 10 12 20 29 

3 11 11 27 13 30 19 11 18 11 18 16 30 17 17 11 
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Table 4.3: Traveling Distances between Incidents  

 Incident 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

In
ci

de
nt

 

1 0 12 35 9 31 54 52 19 34 24 28 36 19 48 32 

2 12 0 27 21 43 66 64 15 42 24 40 28 27 60 44 

3 35 27 0 40 60 45 43 16 69 11 51 3 54 39 47 

4 9 21 40 0 22 45 43 24 29 29 19 41 14 39 23 

5 31 43 60 22 0 25 33 44 21 49 9 61 16 23 13 

6 54 66 45 45 25 0 8 51 44 42 26 42 39 6 22 

7 52 64 43 43 33 8 0 49 42 40 24 40 37 10 20 

8 19 15 16 24 44 51 49 0 53 9 35 17 38 45 31 

9 34 42 69 29 21 44 42 53 0 58 18 70 15 38 22 

10 24 24 11 29 49 42 40 9 58 0 40 12 43 36 36 

11 28 40 51 19 9 26 24 35 18 40 0 52 13 20 4 

12 36 28 3 41 61 42 40 17 70 12 52 0 55 38 48 

13 19 27 54 14 16 39 37 38 15 43 13 55 0 33 17 

14 48 60 39 39 23 6 10 45 38 36 20 38 33 0 16 

15 32 44 47 23 13 22 20 31 22 36 4 48 17 16 0 
 
 
 

Upon full implementation of this case study on the program, Figure 4.5 to Figure 4.12 show 

the migration of each unit from its location to prioritized incidents assigned relying on the different 

approaches. The green dashed line describes the travel map by CPLEX solver, and the orange 

dashed line shows the migration completed by the SRU-D heuristic. Figure 4.13 and Figure 4.14 

displays a comparison between the completion times for all incidents based on methods used. 
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Table 4.4: Traveling Distances between Units and Incidents  
R

es
ou

rc
e 

Unit 
Incident 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

1 

1 22 24 13 27 47 42 40 9 56 2 38 14 41 36 34 

2 44 52 79 39 19 44 52 63 10 68 28 80 25 42 32 

3 55 67 46 46 38 13 5 52 47 43 29 43 40 15 25 

4 27 35 62 22 22 45 43 46 7 51 19 63 8 39 23 

5 11 19 46 18 40 63 61 30 23 35 37 47 24 57 41 

2 

1 15 9 20 20 40 57 55 6 49 15 31 21 34 51 35 

2 36 36 15 41 61 36 28 21 70 12 52 12 55 38 48 

3 31 39 66 26 20 43 41 50 3 55 17 67 12 37 21 

 
 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.5: Migration of Unit (1) of 
Resource (1) by CPLEX Solver and 

SUR-D 

Figure 4.6: Migration of Unit (2) of 
Resource (1) by CPLEX Solver and 

SUR-D 
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Figure 4.7: Migration of Unit (3) of 
Resource (1) by CPLEX Solver and 

SUR-D 

Figure 4.8: Migration of Unit (4) of 
Resource (1) by CPLEX Solver and 

SUR-D 

Figure 4.9: Migration of Unit (5) of 
Resource (1) by CPLEX Solver and 

SUR-D 

Figure 4.10: Migration of Unit (1) of 
Resource (2) by CPLEX Solver and 

SUR-D 
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Figure 4.11: Migration of Unit (2) of 
Resource (2) by CPLEX Solver and 

SUR-D 

Figure 4.12: Migration of Unit (3) of 
Resource (2) by CPLEX Solver and 

SUR-D 

Figure 4.13: Comparison Between 
Completion Times for Incidents based on 
CPLEX Solver and SUR-D Heuristics of 

Resource (1)  

Figure 4.14: Comparison Between 
Completion Times for Incidents based on 
CPLEX Solver and SUR-D Heuristics of 

Resource (2)  
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Relying on Figure 4.13, resource (1), we note that the completion times of incidents (9), (10) 

and (11) that obtained from both methods are equivalent. The completion times of incidents (1), 

(2), (3), (7), (8), and (12) that were produced from the SRU-D heuristic are the best. The variations 

between of the rest of incidents are not significant. Figure 4.14, resource (2), shows that the 

completion time of the incidents (2), (4), (7) and (11) derived from the SRU heuristics are the best. 

The completion times of incidents (8) and (9) that obtained from both methods are equivalent. The 

CPU time of CPLEX solver is 44795.318 seconds and the CPU time of SRU-D heuristic is 

0.081293 seconds.  There is significant variation of CPU times for this case study, and that will 

not be acceptable to the decision maker in ERC. As a result, the mathematical model by CPLEX 

solver will not help with this number of incidents. This number of incidents does not represent 

disaster situations where the number of accidents is enormous. 

Based on this case study, it is noted that the variation of completion times of incidents between 

the mathematical model and SRU-D heuristic and deterministic approach are acceptable. When 

considering the overall tasks, the completion times are approximately equal. The speed of decision-

making in ERC to find the appropriate scheduling of the emergency units is the main factor for 

choosing a solution method or technique.  As noted, the mathematical model requires a long time 

while finding the optimal scheduling. Therefore, the proposed heuristic SRU-D is the appropriate 

method, especially in the disaster circumstances. 
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4.7.2. Deterministic and Dynamic Heuristic Approaches 

This section presents a case study to investigate the effect of changing the weights of 

incidents over time through the application of the dynamic heuristic SUR-DD versus deterministic 

approach SUR-D. This case study incorporates four types of resources. The first type consists of 

five units, the second type contains four units, the third resource contains three units, and the fourth 

resource contains two units. These resource units are distributed in an urban area. Twenty incidents 

have taken place in same time following the occurrence of a natural disaster in the city. The 

assumed weights of the incidents fluctuate over time. The relationship of incident weights is shown 

in Equation 4.13 and 4.14. Its constants are depicted in Table 4.5. Table 4.6 illustrates the 

processing time that each unit (j) needs to handle the incident (i). This case study assumes all units 

have ability to manage all incidents. The traveling distances between incidents is shown in Table 

4.7 The traveling distances between units and incidents are presented in Table 4.8. 

 

 𝑤𝑡,𝑖(T) = 𝑎𝑡,𝑖 + 𝑏𝑡,𝑖T                    𝑖 = 1, … . ,10 ;    𝑡 = 1, …𝑇 (4.13) 

 𝑤𝑡,𝑖(T) = 𝑎𝑡,𝑖 + T + 𝑏𝑡,𝑖T
2         𝑖 = 11,… . ,20;    𝑡 = 1,…𝑇 (4.14) 
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Table 4.5: Incident Weight Constants 
Resource 1 2 3 4 

Incident a b a b a b a b 

1 0.582 0.011 0.328 0.692 0.620 0.985 0.690 0.309 

2 0.116 0.573 0.803 0.979 0.261 0.559 0.132 0.121 

3 0.058 0.790 0.999 0.283 0.446 0.934 0.124 0.916 

4 0.980 0.235 0.981 0.134 0.844 0.720 0.191 0.135 

5 0.285 0.448 0.127 0.685 0.196 0.484 0.146 0.332 

6 0.595 0.569 0.232 0.909 0.304 0.639 0.585 0.897 

7 0.962 0.061 0.024 0.611 0.483 0.888 0.073 0.500 

8 0.186 0.496 0.607 0.900 0.338 0.199 0.822 0.615 

9 0.193 0.642 0.111 0.193 0.798 0.395 0.723 0.583 

10 0.342 0.221 0.407 0.754 0.987 0.992 0.926 0.698 

11 0.933 0.837 0.884 0.346 0.159 0.402 0.493 0.029 

12 0.391 0.971 0.548 0.419 0.237 0.659 0.655 0.528 

13 0.273 0.846 0.369 0.156 0.702 0.901 0.890 0.032 

14 0.152 0.506 0.208 0.819 0.375 0.995 0.539 0.827 

15 0.397 0.279 0.441 0.625 0.974 0.653 0.282 0.340 

16 0.375 0.747 0.956 0.739 0.972 0.108 0.976 0.847 

17 0.131 0.237 0.124 0.805 0.644 0.036 0.036 0.246 

18 0.435 0.957 0.471 0.067 0.860 0.618 0.326 0.581 

19 0.092 0.620 0.857 0.951 0.402 0.567 0.973 0.938 

20 0.615 0.600 0.043 0.498 0.632 0.962 0.365 0.048 
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Table 4.6: Processing Time of Incidents for Units 

Resource Unit 
Incident 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

1 

1 13 24 18 11 28 12 24 23 29 14 14 13 10 26 16 18 13 18 11 25 

2 11 25 30 25 26 12 16 15 11 19 16 13 11 17 23 16 26 25 22 10 

3 15 14 11 21 16 15 16 11 22 18 12 19 26 21 30 15 14 20 29 29 

4 28 22 16 21 19 21 27 27 15 27 24 29 19 24 11 25 30 26 14 26 

5 29 27 20 27 25 30 29 22 27 24 21 21 18 28 22 30 26 17 19 21 

2 

1 25 19 28 10 25 15 18 11 25 16 27 24 21 14 22 18 14 25 21 21 

2 25 22 22 28 13 16 22 16 24 16 27 14 30 21 28 10 16 21 30 17 

3 27 29 22 18 13 18 13 26 27 20 21 19 25 11 30 21 12 17 28 23 

4 13 27 27 10 22 18 13 14 27 16 15 18 30 25 29 14 25 27 17 26 

3 

1 25 15 10 11 14 14 15 19 26 27 16 22 19 18 19 24 14 26 11 14 

2 23 30 24 28 12 23 15 25 12 11 23 22 10 12 21 28 19 19 25 18 

3 20 21 20 16 16 11 28 22 30 19 14 22 20 19 26 11 30 17 20 13 

4 
1 11 24 12 22 11 26 14 12 24 23 16 12 10 30 19 16 21 15 28 18 

2 10 22 26 11 12 11 15 28 25 20 23 13 30 12 23 25 18 25 25 29 
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Table 4.7: Traveling Distances between Incidents  
Incident 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

1 0 41 50 20 27 14 21 38 56 14 29 31 41 22 7 11 9 8 20 22 

2 41 0 15 21 14 55 42 11 15 27 32 38 38 19 34 52 50 45 25 19 

3 50 15 0 30 23 64 51 26 8 36 47 49 27 28 43 61 59 54 38 28 

4 20 21 30 0 19 34 21 18 36 8 25 27 45 6 13 31 29 24 16 14 

5 27 14 23 19 0 41 36 23 29 27 44 46 26 13 20 38 36 31 35 5 

6 14 55 64 34 41 0 13 52 70 28 29 19 53 36 21 23 19 20 30 36 

7 21 42 51 21 36 13 0 39 57 15 16 10 62 23 24 32 28 29 17 31 

8 38 11 26 18 23 52 39 0 18 24 23 35 49 16 31 49 47 42 22 18 

9 56 15 8 36 29 70 57 18 0 42 41 53 33 34 49 67 65 60 40 34 

10 14 27 36 8 27 28 15 24 42 0 17 19 53 14 15 25 23 20 8 22 

11 29 32 47 25 44 29 16 23 41 17 0 12 70 31 32 40 36 37 9 39 

12 31 38 49 27 46 19 10 35 53 19 12 0 72 33 34 42 38 39 13 41 

13 41 38 27 45 26 53 62 49 33 53 70 72 0 39 38 34 34 33 61 31 

14 22 19 28 6 13 36 23 16 34 14 31 33 39 0 15 33 31 26 22 8 

15 7 34 43 13 20 21 24 31 49 15 32 34 38 15 0 18 16 11 23 15 

16 11 52 61 31 38 23 32 49 67 25 40 42 34 33 18 0 4 7 31 33 

17 9 50 59 29 36 19 28 47 65 23 36 38 34 31 16 4 0 5 27 31 

18 8 45 54 24 31 20 29 42 60 20 37 39 33 26 11 7 5 0 28 26 

19 20 25 38 16 35 30 17 22 40 8 9 13 61 22 23 31 27 28 0 30 

20 22 19 28 14 5 36 31 18 34 22 39 41 31 8 15 33 31 26 30 0 
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Table 4.8: Traveling Distances between Units and Incidents  

Resource Unit 
Incident 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

1 

1 40 43 58 36 55 34 21 32 50 28 11 17 81 42 43 51 47 48 20 50 

2 22 33 42 26 19 34 43 30 48 34 51 53 19 20 19 19 17 14 42 14 

3 46 5 12 26 19 60 47 14 10 32 35 43 35 24 39 57 55 50 30 24 

4 16 25 34 6 25 30 17 22 40 2 19 21 51 12 13 27 25 20 10 20 

5 9 32 41 11 18 23 18 29 47 9 26 28 44 13 6 20 18 13 17 13 

2 

1 20 41 50 20 35 14 1 38 56 14 15 11 61 22 23 31 27 28 16 30 

2 24 17 26 6 13 38 25 14 32 14 31 33 39 2 17 35 33 28 22 8 

3 16 57 66 36 43 18 27 54 72 30 35 37 39 38 23 5 7 12 32 38 

4 57 16 21 37 30 71 58 19 13 43 42 54 44 35 50 68 66 61 41 35 

3 

1 13 54 63 33 40 3 12 51 69 27 28 22 50 35 20 20 16 17 29 35 

2 21 26 39 17 36 29 16 23 41 9 8 12 62 23 24 32 28 29 1 31 

3 51 12 27 31 24 65 52 13 19 37 36 48 50 29 44 62 60 55 35 29 

4 
1 35 32 17 39 20 47 56 43 25 47 64 66 10 33 32 44 42 37 55 25 

2 28 29 38 32 15 40 49 36 44 40 57 59 13 26 25 23 21 20 48 18 
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Figure 4.15 to Figure 4.28 show the migration of resource one units, resource two units, 

resource three units, and resource four units from their locations to prioritized incidents, which 

were assigned by relying on the SRU-D heuristic deterministic approach. Figure 4.29 to Figure 

4.32 display the completion times for all incidents of these resources.  

 

 

 

 

 

 

 

 

 

Figure 4.15: Migration of Unit (1) of 
Resource (1) SUR-D 

Figure 4.16: Migration of Unit (2) of 
Resource (1) SUR-D 
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Figure 4.17: Migration of Unit (3) of 
Resource (1) SUR-D 

Figure 4.18: Migration of Unit (4) of 
Resource (1) SUR-D 

Figure 4.19: Migration of Unit (4) of 
Resource (1) SUR-D 

Figure 4.20: Migration of Unit (1) of 
Resource (2) SUR-D 
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Figure 4.23: Migration of Unit (4) of 
Resource (2) SUR-D 

Figure 4.24: Migration of Unit (1) of 
Resource (3) SUR-D 

Figure 4.22: Migration of Unit (3) of 
Resource (2) SUR-D 

Figure 4.21: Migration of Unit (2) of 
Resource (2) SUR-D 
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Figure 4.27: Migration of Unit (1) of 
Resource (4) SUR-D 

Figure 4.28: Migration of Unit (2) of 
Resource (4) SUR-D 

Figure 4.25: Migration of Unit (2) of 
Resource (3) SUR-D 

Figure 4.26: Migration of Unit (3) of 
Resource (3) SUR-D 
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Figure 4.29: Completion Times of 
Incidents based on SUR-D Heuristics of 
Resource (1) (Deterministic Approach) 

Figure 4.30: Completion Times of 
Incidents based on SUR-D Heuristics of 
Resource (2) (Deterministic Approach)  

Figure 4.32: Completion Times of 
Incidents based on SUR-D Heuristics of 
Resource (4) (Deterministic Approach) 

Figure 4.31: Completion Times of 
Incidents based on SUR-D Heuristics of 
Resource (3) (Deterministic Approach) 
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Figure 4.33 to Figure 4.46 shows the migration of resource one units, resource two units, 

resource three units, and resource four units from their locations to prioritized incidents which 

were assigned by relying on the SRU-DD heuristic dynamic approach. Figure 4.47 to Figure 4.50 

displays the completion times for all incidents of these resources.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.33: Migration of Unit (1) of 
Resource (1) SUR-DD 

Figure 4.34: Migration of Unit (2) of 
Resource (1) SUR-DD 
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Figure 4.35: Migration of Unit (3) of 
Resource (1) SUR-DD 

 

Figure 4.36: Migration of Unit (4) of 
Resource (1) SUR-DD 

Figure 4.37: Migration of Unit (5) of 
Resource (1) SUR-DD 

Figure 4.38: Migration of Unit (1) of 
Resource (2) SUR-DD 



 
 

84 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.39: Migration of Unit (2) of 
Resource (2) SUR-DD 

Figure 4.40: Migration of Unit (3) of 
Resource (2) SUR-DD 

Figure 4.41: Migration of Unit (4) of 
Resource (2) SUR-DD 

Figure 4.42: Migration of Unit (1) of 
Resource (3) SUR-DD 
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Figure 4.43: Migration of Unit (2) of 
Resource (3) SUR-DD 

Figure 4.44: Migration of Unit (3) of 
Resource (3) SUR-DD 

Figure 4.46: Migration of Unit (2) of 
Resource (4) SUR-DD 

Figure 4.45: Migration of Unit (1) of 
Resource (4) SUR-DD 
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Figure 4.47: Completion Times of 
Incidents based on SUR-DD Heuristics 
of Resource (1) (Dynamic Approach) 

Figure 4.48: Completion Times of 
Incidents based on SUR-DD Heuristics 
of Resource (2) (Dynamic Approach) 

Figure 4.49: Completion Times of 
Incidents based on SUR-DD Heuristics 
of Resource (3) (Dynamic Approach) 

Figure 4.50: Completion Times of 
Incidents based on SUR-DD Heuristics 
of Resource (4) (Dynamic Approach) 
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Relying on the results of the heuristic application, we note that the CPU time of the 

deterministic approach is 2.735 seconds and the CPU time of dynamic approach is 3.75 seconds. 

First resource units handled all incidents, and other resources did not manage to handle all 

incidents. Second resource units did not deal with incident number 19. The third resource units did 

not deal with incident numbers 12, 13, 19, and 20. The fourth resource units did not manage with 

incident numbers 14, 18, and 19.  These differences are due to several of reasons. First, there is a 

distinction between the number of units of each resource, which is five, four, three, and two 

respectively. The second reason pertains to the varied geographic distribution of the units, which 

affects the travel distances.  

The main reason for the differential is the change the incident weights over time. The incident 

weight decreases until it becomes to zero. The zero value means the incident of this category does 

not exist, and it will convert to another category. For example, if the incident was a fire it would 

change from a firefighting operation to rubble and waste removal incident or service after the 

combustible materials burned. In this case, the type of unit, equipment, and the processing time 

that required to handle incident change to accommodate this shift. In most cases, the required 

service will be outside the emergency units.  

4.8. Conclusion 

This research addresses multi-type resource units scheduling. It proposes a mathematical 

model and two different heuristics. The aim of this approach is to minimize the completion time 

overall task (incidents) and decrease the CPU time. The dynamic weight of incidents is one 

significant contribution of this research. It provides a heuristic to treat that. The overall objective 

is to develop innovative models to support decision makers in ERCs to make a reliable and robust 

decisions in the shortest times during the response phase.  
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A mathematical modeling approach is first proposed. Since the CPU time increases 

exponentially with the number of resource types or units, the SRU heuristics are presented to obtain 

appropriate solutions in acceptable running times for large instances. Results from case studies on 

large incidents show that the algorithms are efficient and effective in terms of CPU time and 

reasonably scheduling units. One important contribution of this research is to provide a heuristic 

to deal with the dynamic weight of incidents. The case study of that heuristic shows the significant 

difference between the scheduling of incidents obtained by deterministic heuristic and dynamic 

heuristic, and the effect of changing incident weights over time. 

Future work from this research continues to study the collaboration between different types 

of resource units to cope an incident at the same time. Further research should continue to enhance 

optimization techniques to determine faster solutions to scheduling problems, particularly 

unrelated parallel machines that are similar to the proposed problem. 
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CHAPTER 5 

CONCLUSIONS AND FUTURE WORK 

5.1. Conclusion 

This research addresses a framework of an emergency response system during a natural 

disaster from three different aspects. The assessment of the risk level for a natural disaster is the 

first problem discussed in the dissertation. The second aspect is estimation the weight of expected 

demand for emergency services. The third aspect is about reducing the completion time to manage 

all incidents accompanied by natural catastrophes. This dissertation introduces appropriate 

methods to fulfill the primary objective of emergency response systems, specifically saving 

people’s lives. The overall goal of this work is to develop innovative models to support decision 

makers in ERCs and ensure they make reliable and robust decisions in the shortest periods of time. 

Chapter 2 introduces the LRM model which aimed to analyze the risk of natural disasters with 

a help of the diffusion information theory. This work focuses on an area where natural disasters 

occur at rare time intervals. The aim of this model is to support decision-makers in designing 

strategies and preparedness plans to manage the outcomes of natural hazards. The LRM model 

shows how to assess the natural geographical risk through the possibility–probability distribution 

concept. This model relies on the available data regarding the natural risk. The LRM model is able 

to consider the imprecision or fuzzy nature that is caused by incomplete/sparse data samples.  

Using Fuzzy probability in terms of the possibility probability distribution (PPD) concept is an 

appropriate method to describe natural disaster risk in a quantitative way. This research refers to a 

case study that relies on data from Jazan City in Saudi Arabia. It provides a valid framework for 

estimating the expected level of natural risk pertaining to flood disasters. The model uses the 

number of incidents to determine the flood risk. The quadratic equation is utilized to diffuse data. 

This instrument helps the LRM model to obtain the significant and reasonable result. Alpha (α) 
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cut represents the natural risk uncertainty. Eventually, this research recommends that leaders of 

the emergency response system should design the preparedness plans at the low level of the 

confidence interval. The LRM model is associated with data from the specific region, which means 

that there are limitations affecting the model, specifically if applied to other region. 

Chapter 3 proposes a linguistic model EWF to estimate the weight of expected demand for 

emergency services. The proposed model identifies which area has the highest likelihood of 

demand instead of calculating the exact number of incidents, which is quite difficult to define in 

terms of limited information. This model supports the ERC and decision makers in deploying 

emergency resource units at the first post-disaster period of time. The EWF model is going to help 

the ERC to mitigate the effects of the natural disaster. Consequently, the response system should 

become more effective in reducing the number of civilian injuries and fatalities. 

The EWF model applies the fuzzy set theory based on three linguistic variables, including 

population density, level of risk evaluated in the LRM model, and proportion of damage. The 

research provides 75 systematic rules obtained from literature and emergency experts in Saudi 

Arabia. Consequently, applying this model in other region of interest will be under study. This 

work refers to a case study that relies on real data regarding the city of Jazan in Saudi Arabia. This 

model aims at evaluating the expected weight of demand in areas exposed to disasters, especially 

when destruction of infrastructure takes place and when the ERCs’ information is limited.  

Chapter 4 addresses scheduling of multi-type resource units. The research proposes a 

mathematical model and two different heuristics, which are SRU-D and SRU-DD. The goal of 

these approaches is to minimize the completion time of overall task (incidents) and reduce CPU 

time. Defining the dynamic weight of incident is one of the most fundamental contributions of this 

dissertation. The BARON solver on GAMS platform is found an unsuitable technique to provide 
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decision makers with quick solution to the problem of this sort. Instead, this dissertation 

implements different case studies to validate its models and approaches, securing significant 

findings and evidence from these practical materials.  

The proposed heuristics SRU-D and SRU-DD obtain appropriate schedules for incidents. 

Moreover, these heuristics tend to process a high number of multi-type incidents and resource units 

through acceptable CPU times. The reduction of CPU time during schedule generation can 

substantially decrease the number of civilian casualties and fatalities. The speed advantage of 

SRU-D and SRU-DD will essentially assist decision-makers in the moments of high time pressure 

and high-level complexity.  

 

5.2. Future Work  

Based on this dissertation, future work should keep on studying the topic in different 

directions. A small sample problem (incompleteness information) due to the risk of natural 

disasters in a region less exposed to natural disasters still needs more investigation. The proposed 

linguistic model considered in Chapter 3 could be further enhanced by involving time factor as a 

new variable. Additionally, more expert knowledge from various emergency system institutions 

must be obtained to improve the rules model. The future research directions from Chapter 4 should 

consider the collaboration between different types of resource units to control and mitigate an 

incident at the same time. The relation between the weight of incidents and severity level of natural 

disasters should also be considered. Further research efforts will continue to enhance optimization 

techniques to guarantee faster solutions to problems of scheduling, particularly unrelated parallel 

machines that are similar to the issue mentioned in Chapter 4. 
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A.1. Imprecise Probability Concept 

As long as life is full of ambiguities and uncertainties, it is quite impossible to avoid all 

possible threats and risks [1]. Probability can be determined by two basic methods: deducting from 

expertise of the specific composition of conditions under which they take place or deriving from 

the enduring observation over the past sequences of occurrences or failures to occur.  

By imagining a model of probability, a standard scenario of rolling dice the symmetry of 

real things generates the likelihood of having two equal events or outcomes. In terms of a uniform 

distribution, it is possible to calculate the probability that a specific outcome for instance an “odd 

number” will take place. In contrast, by selecting valid data, such as dropping a specific die, we 

are able to predict the probability of an outcome as the ratio of several scenarios that satisfy the 

conditions of that outcome. For example, the probability of finding an odd number in the following 

roll is computed by dividing the rate of having an odd number to the whole amount of positive or 

other outcomes. In any case, we are dealing with realities when neither the observational 

competencies nor the statistically-collected information are sufficient to calculate a valid 

probability distribution [2, 3].  

In the context of the dice rolling scenario, we can suggest a case when a die is somehow 

impaired, thus breaking the validity of our original symmetry. A conceptual exploration of this 

asymmetry and its impact on the probability of a specific case might be too burdensome and 

complicated. Rolling dice for 600 times, for example, is still realizable. If the rate of occurrences 

of having a six is 120, it may be predicted that dice would have a subjective probability 1 to 5 

(instead of 1 to 6) for six. Nevertheless, it would become irrational that after 15 rolls, three of 

which have resulted in 6. It is proposed that the probability of achieving a six is still 1 to 5. This 

case illustrates a small sample dilemma which produces to imprecise probability. To properly 
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resolve the dilemma, a concept designed to cope with the inaccuracy caused by incomplete 

evidence (along with the factor of randomness) is necessary [4]. 

In reality, while data on variation is optimally expressed through using probability 

distributions, information regarding imprecision is more correctly delivered via types of 

probability distributions encrypted either by probability boxes or by possibility distributions, 

known as fuzzy numbers [4].  

A.2. Fuzzy Probabilistic  

The concept of imprecise probability is defining an interval that correct probability lies 

within. This range is defined by higher and lower values. A typical addition to the interval-valued 

probability is to convey the probability with a likelihood distribution over the probability scope. 

In this sense, one of the feasible alternatives is to rely on the theory of fuzzy probability. This term 

was originally coined by Zadeh, though there are multiple perspectives of interpretation [2, 5]. 

Specifically, it is vital to differentiate a fuzzy probability as a separate phenomenon, and a 

probability of a fuzzy outcome. Let us suggest that there is a crisp event A⊂R, and a probability 

value described by a density function (p), the probability of this scenario follows Equation (2.1).  

 Pr (𝐴) = ∫𝑝(𝑥)𝑑𝑥 =

𝑅

∫𝐼(𝑥)𝑝(𝑥)𝑑𝑥

𝑅

 (2.1) 

where 𝐼(𝑥) is the indicator function determined Equation (2.2) 

 𝐼(𝑥) = {
0  x ∉ A
1  x ∈ A

 (2.2) 

On the other hand, a fuzzy event �̃� is determined as a fuzzy interval in 𝑅 as show in Figure (2.1) 

typified by a membership function μ(x), i.e. �̃� = {𝑥, 𝜇�̃�(𝑥)|𝑥 ∈ 𝑅} Zadeh determines the 

probability of �̃� by substituting the indicator function 𝐼(𝑥) with membership function 𝜇�̃�(𝑥), as 

shown in Equation (2.3) [2, 5]. 
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 Pr (�̃�) = ∫𝜇�̃�(𝑥)𝑝(𝑥)𝑑𝑥

𝑅

 (2.3) 

 

 

 

 

Based on Zadeh’s principles (1984), the probability of a fuzzy event becomes a crisp value. 

In contrast, there is a suggestion that the probability of a fuzzy event will become a fuzzy number 

[5]. For example, Lucas and Araabi (1999) offered a synthesis of evidence theory, claiming that 

the probability of fuzzy outcomes can be calculated [6]. As a result, scholars resorted to the fuzzy 

extension methodology presented by Zadeh to expand the point-valued functions and relations to 

set-valued ones. You might imagine a set-valued mapping (g) as: 

 
g: P(𝑋) → 𝑃(𝑌) 

𝐵 = 𝑔(𝐴)  ∀𝐴 ⊆ 𝑃(𝑋) 
(2.4) 

Zadeh implies that: 

 �̃� = 𝑔(�̃�) = 𝑔 ( ⋃ 𝛼.𝐴𝛼
0≤𝛼≤1

) = ⋃ 𝛼.𝑔(�̃�𝛼)

0≤𝛼≤1

  ∀�̃� ⊆ 𝑃(𝑋) (2.5) 

where �̃�𝛼  is the α-cuts of �̃�  for every α ∈ [0, 1]. Thus, �̃� will become a fuzzy subset of P(𝑋) [2]. 

In a similar manner: 

 𝑃𝑟𝑋(�̃�) =⋃𝛼. [Pr(�̃�)]𝛼
𝛼

 (2.6) 

Therefore, 𝑃𝑟(�̃�) is a fuzzy subset of interval [0,1]. Speaking shortly, the probability of a fuzzy 

event will transform into a fuzzy probability, as we can observe. 

It is crucial to interpret the fuzzy probability of a crisp even as a fuzzy number made up of 

a nested mix of probability intervals with distinguished alpha-cuts, diverging between 0 and 1. 

 

A 

R 

A 

R    

Figure 2.1: Crisp vs. fuzzy event 
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This term assumes that the fuzzy probability might be considered as a synthesis of an interval-

valued probability. Basically, the majority of the methods aimed at expressing fuzzy probability 

apply this theoretical approach. In addition, some math formalizations have been offered for 

representation of such fuzzy probability. Thus, Buckley (2005) substitutes the crisp probabilities 

with fuzzy probabilities by giving a formal restriction to every event [7]. Another method has been 

provided by Dunyak and Wunsch (1998) who utilized fuzzy fault trees to generate fuzzy 

probabilities Tanaka et al. (1983) based on autonomous and separate fuzzy inputs. Every new 

outcome’s fuzzy probability is calculated through computing the probability of overlapping and 

the union of these outcomes [8, 9]. Nevertheless, there is subjectivity in allocating original fuzzy 

probabilities. Moreover, Yager (1999) and Moeller and Beer (2003) offered their formalizations 

of a fuzzy probability referring to the term analyzed above [10, 11]. These formalizations apply to 

subjectively appointed and independently assigned fuzzy probabilities for initial cases and events 

at least. The area of our interest is a proper mathematical model that is able to consider the 

imprecision or fuzzy nature provided by incomplete data samples. A special methodology offered 

by Huang (1996) uses the possibility of distribution for characterizing the probability’s fuzziness 

[12]. 
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A.3.  EWF Model Rules 
Table A.1: EWF Model Rules 

 Variable 

Rule Population density 
(PD) 

Proportion of 
Damage (D) Level of Risk Weight of Expected 

Demand (w) 

1 Very Low (VL) Very Low (VL) Low (L) Low (L) 

2 Low (L) Very Low (VL) Low (L) Low (L) 

3 Medium (M) Very Low (VL) Low (L) Low (L) 

4 High (H) Very Low (VL) Low (L) Low (L) 

5 Very High (VH) Very Low (VL) Low (L) Low (L) 

6 Very Low (VL) Low (L) Low (L) Low (L) 

7 Low (L) Low (L) Low (L) Low (L) 

8 Medium (M) Low (L) Low (L) Low (L) 

9 High (H) Low (L) Low (L) Low (L) 

10 Very High (VH) Low (L) Low (L) Medium (M) 

11 Very Low (VL) Medium (M) Low (L) Low (L) 

12 Low (L) Medium (M) Low (L) Low (L) 

13 Medium (M) Medium (M) Low (L) Low (L) 

14 High (H) Medium (M) Low (L) Medium (M) 

15 Very High (VH) Medium (M) Low (L) Medium (M) 

16 Very Low (VL) High (H) Low (L) Low (L) 

17 Low (L) High (H) Low (L) Low (L) 

18 Medium (M) High (H) Low (L) Medium (M) 

19 High (H) High (H) Low (L) Medium (M) 

20 Very High (VH) High (H) Low (L) Medium (M) 
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Table A.1 (continued) 

 Variable 

Rule Population density 
(PD) 

Proportion of 
Damage (D) Level of Risk Weight of Expected 

Demand (w) 

21 Very Low (VL) Very High (VH) Low (L) Low (L) 

22 Low (L) Very High (VH) Low (L) Medium (M) 

23 Medium (M) Very High (VH) Low (L) Medium (M) 

24 High (H) Very High (VH) Low (L) Medium (M) 

25 Very High (VH) Very High (VH) Low (L) Medium (M) 

26 Very Low (VL) Very Low (VL) Medium (M) Low (L) 

27 Low (L) Very Low (VL) Medium (M) Low (L) 

28 Medium (M) Very Low (VL) Medium (M) Medium (M) 

29 High (H) Very Low (VL) Medium (M) Medium (M) 

30 Very High (VH) Very Low (VL) Medium (M) Medium (M) 

31 Very Low (VL) Low (L) Medium (M) Low (L) 

32 Low (L) Low (L) Medium (M) Medium (M) 

33 Medium (M) Low (L) Medium (M) Medium (M) 

34 High (H) Low (L) Medium (M) Medium (M) 

35 Very High (VH) Low (L) Medium (M) Medium (M) 

36 Very Low (VL) Medium (M) Medium (M) Medium (M) 

37 Low (L) Medium (M) Medium (M) Medium (M) 

38 Medium (M) Medium (M) Medium (M) Medium (M) 

39 High (H) Medium (M) Medium (M) Medium (M) 

40 Very High (VH) Medium (M) Medium (M) High (H) 
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Table A.1 (continued) 

 Variable 

Rule Population density 
(PD) 

Proportion of 
Damage (D) Level of Risk Weight of Expected 

Demand (w) 

41 Very Low (VL) High (H) Medium (M) Medium (M) 

42 Low (L) High (H) Medium (M) Medium (M) 

43 Medium (M) High (H) Medium (M) Medium (M) 

44 High (H) High (H) Medium (M) High (H) 

45 Very High (VH) High (H) Medium (M) High (H) 

46 Very Low (VL) Very High (VH) Medium (M) Medium (M) 

47 Low (L) Very High (VH) Medium (M) Medium (M) 

48 Medium (M) Very High (VH) Medium (M) High (H) 

49 High (H) Very High (VH) Medium (M) High (H) 

50 Very High (VH) Very High (VH) Medium (M) High (H) 

51 Very Low (VL) Very Low (VL) High (H) Medium (M) 

52 Low (L) Very Low (VL) High (H) Medium (M) 

53 Medium (M) Very Low (VL) High (H) Medium (M) 

54 High (H) Very Low (VL) High (H) Medium (M) 

55 Very High (VH) Very Low (VL) High (H) High (H) 

56 Very Low (VL) Low (L) High (H) Medium (M) 

57 Low (L) Low (L) High (H) Medium (M) 

58 Medium (M) Low (L) High (H) Medium (M) 

59 High (H) Low (L) High (H) High (H) 

60 Very High (VH) Low (L) High (H) High (H) 
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Table A.1 (continued) 

 Variable 

Rule Population density 
(PD) 

Proportion of 
Damage (D) Level of Risk Weight of Expected 

Demand (w) 

61 Very Low (VL) Medium (M) High (H) Medium (M) 

62 Low (L) Medium (M) High (H) Medium (M) 

63 Medium (M) Medium (M) High (H) High (H) 

64 High (H) Medium (M) High (H) High (H) 

65 Very High (VH) Medium (M) High (H) High (H) 

66 Very Low (VL) High (H) High (H) Medium (M) 

67 Low (L) High (H) High (H) High (H) 

68 Medium (M) High (H) High (H) High (H) 

69 High (H) High (H) High (H) High (H) 

70 Very High (VH) High (H) High (H) High (H) 

71 Very Low (VL) Very High (VH) High (H) High (H) 

72 Low (L) Very High (VH) High (H) High (H) 

73 Medium (M) Very High (VH) High (H) High (H) 

74 High (H) Very High (VH) High (H) High (H) 

75 Very High (VH) Very High (VH) High (H) High (H) 
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