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1. Introduction 

Escape is sometimes the most effective solution for saving lives in a 

disaster. The success of an evacuation depends on numerous factors and complex 

processes. It involves the route conditions, modes of evacuation and individual 

and group decision behavior. This includes factors such as warning & response 

time, public preparedness, roads & traffic conditions (Dash and Gladwin 2007; 

Lindell and Prater 2007) for both individuals and large-scale systems. 

The above notwithstanding, the occurrence and effect of some disasters can 

be estimated. Model-based approaches help analyze and plan emergency 

evacuations (Hardy 2010), and may be applied to obtain a better understanding of 

network conditions, traffic and individuals route choice in evacuation conditions. 

Insights from simulations may illustrate probable or worst-case scenarios and in 

turn may support planning decisions suggesting best evacuation routes or optimal 

traffic management procedures. 

In this paper, we review some of the many simulation models of evacuation 

for forecasting, planning and optimizing traffic operations. We also discuss the 

behavioral and route choice assumptions that underpin these modeling 

approaches and their suitability in the case of evacuation, and suggest a simulation 

model for a general case of evacuation demonstrated for a neighborhood in Haifa, 

Israel. 

 

1.1. Evacuation Models  

Early studies developed traffic model, like the microscopic model 

OREMS (Rathi and Solanki 1993), specifically for evacuation. those models 

differed from regular traffic conditions by travel patterns and driver behavior 

(Pel, Bliemer, and Hoogendoorn 2012). Recent studies use models developed 

for regular daily traffic applications adjusted for the case of emergency 

evacuation (Pel, Bliemer, and Hoogendoorn 2012). These adjustments are 

mainly in parameters describing driving behavior like headway, acceleration 

and reaction time (Tu et al. 2010) while other parameters or model structure 

remain unchanged. Examples of these models include PARAMICS (Cova and 

Johnson 2003), CORSIM (Williams et al. 2007) and VISSIM (Yuan and Han 

2010). 
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In these models, traveler evacuation is described by an origin-destination 

matrix and traveler departure is calculated by the percentage of departures in each 

time interval. This results in a “response curve” which is assumed to have a given 

distribution such as Poisson (Cova and Johnson 2002), Weibull (Lindell et al. 2002; 

Lindell 2008), simultaneous or staged departure (Chen and Zhan 2008) or sigmoid 

(Kalafatas and Peeta 2009). In any case, the traveler decision (departure or 

destination) is either a model input or output (or a combination) from a gravity 

model (trip distribution). In most models, these trips are assigned to the road 

network according to dynamic or static user-equilibrium assumptions. Models like 

PARAMICS, INTEGRATION, DYNASMART and DynaMIT, incorporate route 

choice models with en-route route-switching based on traffic conditions. Most 

models allow input of user-defined routes, enabling simulation of prescribed 

evacuation routes. 

Some models simulate the hazard of road damage by using varying road 

attributes such as capacity or maximum speed (e.g., lower accessibility) and 

dynamic traffic management as a response. For example, MASSVAC allows 

modelling several consecutive time intervals in which road network characteristics 

change (traffic assignment is static), and INDY incorporates ‘events’ in which 

network characteristics and model parameters can be different within a specified 

time window. Yet many models mostly use a static road network. 

 

1.2. Modelling Limitations 

The main limitation in evacuation models is the travelers’ assumed 

behavior: departure time, destination and route. These choices are made according 

to the risk perception of the decision makers and are influenced by personal 

characteristics like age, gender, income, disability, household size, the presence of 

children or elderly in the household, race and ethnicity, previous experience, 

available transportation mode and geographic location (Dash and Gladwin 2007). 

In evacuation modeling, participation and departure time are frequently 

modeled with respect to the disaster and individual attributes (as mentioned 

above) while destination choice behavior has received less attention. In the ‘four-

step model’ for transportation forecasting, the individuals’ destination choice is 

the ‘trip distribution’, which results in an origin-destination matrix. In early 

studies, trip distribution was grounded in a gravity-based model where the mass 
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(magnitude) of a location is a parameter like the size of its population. An example 

of this is the “Technical Guidelines for Hurricane Evacuation Studies” (1995) 

produced by the US Army Corps of Engineer, that suggests evacuees can be 

allocated  proportionally to  population size  in possible destination weighted by a 

travel distance function. This strongly assumes that evacuees will choose the 

shortest path to the nearest big city (and will not stop at small towns on the way). 

More recent studies about destination choice behavior usually consist of 

two steps: first they use stated preference (Whitehead et al. 2000) or revealed 

preference data (Brodie et al. 2006), to identify the factors (population attributes) 

that are connected to the possible evacuation destinations. Second, a trip 

distribution model is used to relate these location type preferences to actual 

destinations. An example of this is an evacuation model of the USA Gulf Coast 

area (Hengartner, Cuellar, and Kubicek 2009) which use post-hurricane evacuation 

data, demographic attributes extracted from the USA census bureau Public-Use 

Microdata Sample (PUMS), and “general understanding of how people evacuate” 

to create a synthetic population of households. The evacuation behavior uses sub-

modules of “evacuation decision”, “shelter-type decision” and “shelter geo-

location” which are separated but dependent, so, the shelter geo-location module 

“indirectly incorporate” socioeconomic considerations, as the decision where to 

evacuate is dependent on the shelter type. 

Yet, this approach does not fully solve both major challenges of route 

choice modeling (Prato 2009). Generation of a choice set of alternative routes and 

the estimation of discrete choice models not adequately addressed. As for the 

generation of a choice set, the challenge is to create a realistic choice set given the 

lack of information about the actual choice and the alternatives considered. In 

terms of the estimation of discrete choice models, the challenge is to understand 

how travelers perceive route characteristics and express their preferences, given 

the numerous alternative routes and the high similarity (correlation) among routes 

that usually share paths (links). 
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1.3. DIM2SEA Transportation model 

 

One approach to deal with both major challenges of route choice and 

modeling is simulation. This is  part of stochastic shortest path-based methods 

(Prato 2009). The simulation usually assumes that individuals perceive path costs with 

error - extracting generalized cost functions from probability distributions. It utilizes a path 

generation method based on repeated shortest route searches. The “optimal route” 

follows the random extraction of link impedances and individual preferences from 

probability distributions. The selection probability of a route depends on its 

properties (like length or travel time). Accordingly, solutions are stochastic, i.e.  

grounded in “importance sampling”. To avoid biased parameter estimates 

(unequal selection probabilities of alternative routes) model need a sampling 

correction term. (Frejinger 2007; Bovy, Bekhor, and Prato 2009; Frejinger, Bierlaire, 

and Ben-Akiva 2009). 

The above notwithstanding,  traffic simulation models exist where  there is 

no prescribed assumption for  traveler destination (Pel, Bliemer, and Hoogendoorn 

2008; Peeta and Hsu 2009), In these it is assumed that travelers do not choose their 

destination upon departure but instead choose the route out of the immediate 

danger region  and afterwards progress to  a final safe destination. The DIM2SEA 

transportation model uses agent based simulation that assumes travelers follow a 

Markov chain from node to node away from danger and for the nearest safe zone. 

To  estimate the role of transportation in reducing the number of casualties 

of populations coping with emergency events (i.e. “Disaster risk reduction” or 

DRR), we first define our main terms as follows: 

• Evacuees – percent of the population escaping the hazard. 

• Mobility – “'the ease with which a person can move through space” - 

An increase in mobility means a person can travel longer distances 

and/or more frequently (Martens 2012; Sager 2005) 

• Accessibility – the ability of people to access necessary or desired 

activities by different transportation modes. (Shen 1998; Blumenberg 

and Ong 2001; Hess 2005). 

• Vital street/intersection/sites – these lead to a “safe” destination. "Safe" 

is graded by alternatives from the origin, weighted by population. 



6 
 

• Necessity or sufficiency of conditions/attributes – in terms of evacuee 

population characteristics of the evacuee population, vs those who 

didn’t evacuated: 

o Necessity – An attribute that exists in all individuals belonging 

to a given group, but may also exist in individuals belonging to 

the other group. For example, there may be a necessary 

evacuation attribute, which is a "sufficient escape time range", 

so the entire evacuee group has a sufficient escape time range 

(with respect to disaster), but there may be individuals with 

sufficient time range who have not escaped (for any reason). 

o Sufficiency - An attribute that exists only in the individuals 

belonging to a given group, but does not necessarily exist in all 

the individuals in the group. For example, there may be the 

sufficient attribute for the stay-put population of "insufficient 

escape time range", so only the stay-put group have no time to 

escape. There may be individuals with sufficient time that chose 

not to escape (for whatever reason). 

 

The mains questions that the DIM2SEA model addresses are: 

• What is the role of the transportation system in the resilience attributes 

of the population? 

o What are the necessary conditions/attributes for accessibility in 

relevant scenarios?  

o Where are the most vulnerable population groups in terms of 

accessibility to vital sites? 

o Which evacuation solutions could be “optimal”? 

 

We try to answer these questions via a descriptive simulation of escape 

routing (see Figure 1). A road network is uploaded and modified for each relevant 

transportation mode. Road blocks are accurately represented by the transportation 

modes that are blocked (as a road block for a car, may be navigable by a 

pedestrian). The road network itself is updated every “tick”, i.e. dictated by the 

disaster scenario time step. 
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To estimate the attributes of the roads network we use graph theory: nodes 

are intersections and sites and edges are available roads ranked by function. In this 

manner, we can identify bottlenecks and represent connectivity. For bottlenecks, 

we use  a “Betweenness Centrality” measure,  𝑠𝑖 = ∑ 𝑎𝑖𝑗𝑤𝑖𝑗
𝑁
𝑗=1  (Brandes 2001). This 

quantifies the number of times a node acts as a bridge along the shortest path 

between two other nodes.  For connectivity of a node we use a “Degree Centrality” 

measure. This is defined as  2|𝐸| = ∑ deg(𝑣)𝑣∈𝑉  and counts the number of links 

incident upon a node (Diestel 2010). 

 

 

 

To distinguish roads by their importance (probability of use), the road 

network is weighted by population.  The DIM2SEA Agent Based model is used to 

generate a proper distribution of the population upon the road network. Agents 

are individuals whose profiles are constructed from Census data in the DIM2SEA 

model. They are defined by their mobility ability\mode and governed by a route 

choice model relevant to their attributes. This is calibrated by surveys and GPS 

tracking data. The route choice model is based on research made available by  Prof. 

Carlo Prato. Their velocity and route vary by mobility modes and segments 

characteristics (impedance). They “react” (change route) to events they see 

“nearby” (calculated by observed areas, the default is neighbor straight segment 

nodes). In this way, agents move in a “Markov chain” of nodes progressing from 

one node to the next. Their progress is akin to a random walk as they walk away 

from known hazards but may confront hazards in other segments (i.e., unknown 

hazards). 

Based on this simulation we evaluate the accessibility of each building in 

the city in any scenario of roadblocks (and for each type of mobility). We predict 

Figure 1 DIM2SEA Evacuation 
Simulation Model 
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the importance of roads, assess the service area of aid and give a weighted 

survivability score to the overall transportation system ability to cope with the 

disaster and contribution to the resilience of the population (see Appendix I). In 

this way, we calculate per building an estimated duration of travel time for an 

ambulance from its station to the building and to the nearest hospital. This method 

is demonstrated on a neighborhood in the city of Haifa, Israel. 

 

1.4. Conclusion 

We have reviewed some of the existing evacuation simulation models and 

have discussed some of the behavioral assumptions of evacuation modeling 

approaches. Our suggestion of a simulation model for a general case of evacuation 

is demonstrated for a neighborhood in Haifa, Israel. Given a scenario, the model 

estimates the total number of households evacuating using a logistic model to 

determine where the household will relocate. The aggregated results include  total 

number of evacuees and (non- evacuees), the demographic profiles and places of 

shelter for these populations and the total number of people choosing different 

types of shelter. These all provide estimates of key inputs to decision makers and 

disaster response efforts. 
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APPENDIX I – screen shots of model results 

1.  Based on relevant data of the allocation algorithm and the scenario, we run the 

AB model to find agent movement (road flows and immobile agents). The 

agent’s attributes are proportional to the population of the neighborhood taken 

from the census (e.g., how many vehicles? how many drivers? how many 

mobility impairments?). 

 

Figure 2 Haifa City, Ramat Hen neighborhood 

2. The AB model simulates agent movement (road flows immobile agents) by 

their route choice and scenario (road blocks). The route choice of each agent is 

based on its profile constructed by the relevant data from the Dim2Sea 

allocation algorithm. Calibration of the agent’s profile (as age, household size 

etc.) may be based on past research (mentioned in the literature) GPS tracking 

data and surveys. 

3. The Dim2Sea allocation algorithm distributes agents to houses (nodes). For 

each node, by AB time step (“tick”), we have the flow (count) to be summed 

for a total model run. 

4. Visits to each node (junction) are counted and registered: to simulate an 

evacuation without assigning a pre-defined end destination an agent will “go 

back” to a previous node only if conditions dictate (for example, when the next 

node is blocked). A total of agent visits to each node is stored during the model 

run and written out periodically to the TotalVisit field in the shapefile. 

5. The analytic output is the TotalVisits of each node: 

 

Figure 3  Haifa City, Ramat Hen neighborhood, node usage 
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6. the graphic output presents nodes by size 

 

Figure 4 Haifa City, Ramat Hen neighborhood, node usage 

7. Combined with attributes of the road network we have each node importance 

(Color – connectivity, Size – Betweenness, Text – Junction ID), here in Gephi 

“ForceAtlas” layout: 

 

Figure 5 Haifa City, Ramat Hen neighborhood, node importance 
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