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Abstract
This study develops an integrated microsimulation-based evacuation model that performs a vulnerability assessment of the
Halifax Peninsula, Canada during an evacuation. The proposed framework of vulnerability assessment accounts for long-term
changes in neighborhood composition in relation to socio-demographic characteristics, residential locations, and vehicle own-
ership. The results of a large-scale urban systems model and a flood risk model are used to inform the vulnerability assess-
ment. The urban systems model encapsulates long-term household decisions and life stage transitions in measuring social
vulnerability. The flood risk model provides information on flood severity and finer network disruptions. In addition, a
dynamic traffic assignment-based microsimulation model is developed to assess mobility vulnerability during an evacuation.
One of the key contributions of this study is that it utilizes a Bayesian Belief Network modeling approach for vulnerability
assessment, while addressing uncertainty and causal relationships between different elements of vulnerability. The results sug-
gest that the Peninsula zones are at a relatively higher risk from a mobility point of view. A sensitivity analysis reveals that
clearance time has been found to be the key determinant of the mobility vulnerability during an evacuation. ‘‘Presence of
female’’ and ‘‘presence of seniors’’ are found as the two most significant contributors of social vulnerability. Several peripheral
zones are at a higher risk because of their proximity to the flood source. The proposed research will help emergency profes-
sionals and engineers to develop effective evacuation plans in relation to vulnerable areas.

Mass evacuation from a disaster-prone area to shelters
has the potential to prolong the evacuation procedure
during an emergency. Spatial zones that are at a rela-
tively higher risk of natural disaster impacts, evacuation
difficulty, or both, can be prioritized for evacuation.
This will reduce traffic demand in the network, improve
overall traffic flows and the safety of all. In current prac-
tice, the vulnerability of potentially affected zones is
determined based on geophysical conditions that yield
seriousness of risk and the social systems which refer to
variations of risk (1, 2). Most studies are static in nature
and perform as an independent process (3, 4). However,
vulnerability in disaster-prone areas is dynamic and often
stems from mobility complexity, including flood flows
and traffic movements. Vulnerability assessment taking
an integrated approach is not well explored with respect
to geophysical condition, social risk, and traffic move-
ment; even though this type of analysis would offer a
better understanding towards developing effective and
efficient evacuation plans.

How quickly the population of a zone can be evacu-
ated safely before a disaster impact is a critical aspect in
emergency evacuation planning. The condition of a

transportation network over the affected region, traffic
flow pattern, network supply, and evacuation demand
determine the complexity of an evacuation operation
from a traffic management point of view. For example, a
lower network capacity poses a higher risk for mass eva-
cuation of an area. Simultaneously, meeting the transpor-
tation needs of the vulnerable population, such as the
carless population group, could elevate the complexity of
an evacuation operation. The main challenge in estimat-
ing evacuation risk is that observation of an evacuation
event is often not feasible, particularly in coastal areas,
resulting in insufficient knowledge of traffic flow patterns.
Additionally, difficulties in measuring social vulnerability
for coastal areas results from a lack of understanding of
demographic changes and key household decisions that
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affect land use patterns. Therefore, it is necessary to
develop an integrated modeling system that includes mod-
eling elements of long-term changes, such as: residential
mobility decisions, vehicle ownership, flood risks, traffic
movement, and vulnerability assessment. Particularly,
combining integrated urban systems models and traffic
microsimulation models is advantageous as the forecasted
results can be used to develop evacuation plans for any
number of years to come. Thus, an integrated evacuation
modeling framework is of paramount importance for a
reliable estimate of vulnerability.

The objective of this study is to develop an integrated
microsimulation-based evacuation model which com-
bines: (i) an integrated urban systems model that simu-
lates land use variations and auto ownership over the
course of time, (ii) a flood risk model that predicts flood
severity and flood-related network disruptions, and (iii)
a dynamic traffic assignment (DTA)-based microsimula-
tion model that provides network supply constraints.
The integrated urban systems model simulates long-term
changes in demographic characteristics, particularly resi-
dential location choices and vehicle transaction decisions
within a long-term simulator. The results of the long-
term simulator can then be used to determine social vul-
nerability. The flood risk model informs flood severity
and network disruptions for developing evacuation sce-
narios. Evacuation scenarios are simulated within the
microsimulation model to measure mobility risk during
an emergency. The proposed integrated modeling frame-
work is empirically tested for assessing the vulnerability
of areas identified as traffic analysis zones (TAZs) on the
Halifax Peninsula, Canada. For the vulnerability assess-
ment model, this study proposes a novel approach utiliz-
ing a Bayesian Belief Network (BBN) that uses
information obtained from the integrated urban systems
model, flood risk model, and traffic microsimulation
model. It uses an Analytical Hierarchy Process (AHP) to
determine the weighting factors of the vulnerability vari-
ables of interests. The vulnerability assessment model
informs different evacuation planning scenarios for an
empirical application.

Literature Review

The vulnerability of an area is measured by the extent of
potential impacts and the degree of exposure, susceptibil-
ity, and resilience (5, 6). Several methods are proposed in
existing literature to estimate vulnerability in relation to
natural disasters, socio-economic diversity, or both.
Fernandez and Lutz applied a multi-criteria decision-
making analysis to develop a flood hazard zoning system
for an urban area (5). Their study modeled disaster
impacts over an area and addressed the natural system
component of vulnerability assessment. Rygel et al.

explored how various groups of people are affected dif-
ferently by a natural disaster based on socio-
demographic heterogeneity (7). They assessed the vulner-
ability as a measure of resistance capacity of that area.
They used a principle component analysis to develop a
socio-demographic index for urban flood hazard. A
study by Balica et al. also examined flood-related vulner-
ability by considering geological exposure and the social,
economic, and institutional status of an area (8). The
analysis was conducted at the city level; however, vulner-
ability varies spatially across the city at finer levels (e.g.,
TAZ). The abovementioned studies are static in nature
and utilized cross-sectional information. On the other
hand, the integrated urban systems model dynamically
simulates different longer-term decision processes. It cap-
tures the changes in neighborhood composition in rela-
tion to population, socio-economic and demographic
changes, and auto ownership; however, these aspects
have often been overlooked in vulnerability assessment
modeling. Chakraborty et al. studied evacuation risk by
considering ‘‘social’’ and ‘‘accessibility to resource’’ attri-
butes (9). Yu-ting and Peeta considered natural hazards
and network supply attributes to determine emergency
planning zones (10). The urban systems model can
enhance the reliability of the vulnerability assessment
given that the vulnerability can be measured by the
degree to which societies or individuals are potentially
threatened. For example, a marginalized group of people
is likely to suffer from an evacuation. Over the past sev-
eral years, transportation researchers have been attempt-
ing to design and evolve land use modeling systems, for
example, ‘‘UrbanSim,’’ a macroeconomic model of loca-
tion choice of households and firms (11). This executes
macroeconomic and travel demand models, household
and employment mobility, and location choice models to
forecast the way that demographics change and travel
conditions evolve in parallel. Another integrated urban
modeling system named ‘‘Integrated Land Use,
Transportation, Environment’’ (ILUTE) is used to pre-
dict: land development; location choice of households,
firms, and workers; vehicle ownership of households; and
travel conditions (12). Similarly, an integrated urban
model named ‘‘Integrated Transport Land Use and
Energy’’ (iTLE) assumes that individuals and households
are the agents and parcels are the objects (13, 14). iTLE
evaluates how people’s location choice behavior and vehi-
cle ownership evolve at different life stages. Such long-
term simulators can anticipate residential location choice,
vehicle ownership, and travel behavior of households
over time. These life-stage decisions are determinants of
the vulnerability of a group of people or locality during a
natural disaster and related evacuation phenomena.

Another major concern is that network disruption is
hardly considered in evacuation operation studies.

2 Transportation Research Record 00(0)



Moreover, existing network disruption studies focus on
small scale areas. For example, Dehghanisanij et al.
determined the efficiency of disrupted and undisrupted
network of fourteen links (15). They conducted a
condition-based analysis and estimated a ratio regarding
transport-related measures, such as vehicle miles tra-
velled in disrupted and undisrupted networks. Tang and
Huang assessed connectivity in relation to degree of road
blockage for a network of nine major roads and eight
intersections considering a seismic activity (16). The eva-
cuation problem is widely studied from a traffic opera-
tion perspective utilizing a traffic microsimulation
modeling approach (17–19). Several evacuation studies
have evaluated the strategy of limited access to some
facilities and roads to improve the total evacuation time
and the time required to only evacuate the population
within the most dangerous areas (20, 21). However, to
consider network disruptions for a mass evacuation, it
warrants traffic model of the entire network that dyna-
mically evolves at a finer-grain time step. Particularly, a
DTA-based microsimulation model is of paramount
importance to capture routing policies and congestion
propagation, which is limited in a large area evacuation
modeling. Few studies have taken integrated approaches,
which include models for evacuation decisions and trans-
portation choice dimensions, i.e., departure time and
route choice (22, 23). These studies combined activity-
based models with traffic simulation models. One of the
current authors’ earlier contributions also developed a
sequential modeling framework that includes a flood risk
model, a regional transport network model, and a traffic
microsimulation model (24). However, vulnerability
assessment requests the distribution of population in dif-
ferent time periods, which is absent within these sequen-
tial evacuation modeling frameworks. This research aims
to fill the gap by combining an integrated urban systems
model and the sequential modeling approach that offers
reliable information on the condition of flood flows,
demographic changes, network disruptions, and traffic
patterns for the vulnerability assessment (24).

Many studies have contributed to the research on vul-
nerability assessment (4, 5, 8, 9). Methods used in these
studies include indicator-based flood vulnerability assess-
ment, construction of GIS-based composite vulnerability
index, estimation of general flood vulnerability index
using a simple averaging method, and GIS-based risk
score assignment. The limitation of these methods is that
they cannot capture the uncertain features of vulnerabil-
ity. They are unable to address the causal relationships
among various elements of vulnerability. Moreover, they
generally perform a single-directional vulnerability
assessment at a time. On the other hand, BBN modeling
can compute the posterior probability of unobserved
variables depending on the variables that are observed.

It can capture multi-directional causal relationships
obtained from the integrated modeling systems and esti-
mate various vulnerabilities in a single framework to
determine the overall risk of the system. BBN modeling
has recently been evolved and applied in the field of
infrastructure system for risk and reliability analysis
(25). However, its application in the transportation sec-
tor has not yet been explored. Moreover, weighting fac-
tors of variables of interest can be used within the BBN
modeling framework to consider the relative influence of
variables on overall vulnerability (26). This study couples
AHP with the BBN model to identify the riskiest zones
during an evacuation in Halifax, Canada.

Methodology

Integrated Microsimulation-Based Evacuation
Modeling Framework

This study develops a framework of an integrated
microsimulation-based evacuation model for vulnerabil-
ity assessment. Vulnerability assessment offers an oppor-
tunity to identify risky zones. To accomplish this task,
this study integrates three components; (i) an integrated
urban systems model, (ii) a flood risk model, and (iii) a
DTA-based evacuation microsimulation model. The
urban systems model includes a long-term simulator and
a regional transport network model, as shown in Figure
1. The long-term simulator generates a synthesized popu-
lation and addresses residential location choice and vehi-
cle transaction behavior over the life course of the
households (13). The model microsimulates key house-
hold decisions for 15 years ranging from 2007 to 2021,
using 2006 as the base year. This model examines how
key life stage transitions evolve over time, which is an
important determinant of the vulnerability assessment.
This study uses the urban systems model results from
2011 to test the efficacy of the proposed framework. The
regional transport network model estimates evacuation
demand, which determines risk regarding logistical con-
straints and populates traffic flow within the microsimu-
lation model. A flood risk model informs both the
vulnerability assessment and the microsimulation model
about flood severity and network disruptions.
Microsimulation of evacuation scenarios generates net-
work supply constraints for the estimation of mobility
vulnerability. Details of traffic microsimulation and
flood risk models can be found in Alam et al. (24). The
regional transport network model is described in Bela
and Habib (27).

This study adopts an integrated approach of BBN
modeling and AHP to develop the vulnerability assess-
ment framework. The study will examine the develop-
ment of the vulnerability assessment model utilizing the
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inputs from the urban systems model, flood risk model,
and traffic microsimulation model, and analyze the risk
results that will be obtained from the application of the
proposed framework.

Modeling Approach for Vulnerability Assessment

This study has adopted a BBN modeling approach,
which is based on Bayes Theorem. It essentially estimates
the probability to measure the lack of knowledge regard-
ing the occurrence or non-occurrence of an event. The
study utilizes a Bayesian Network (BN) to compute the
posterior probability of unobserved variables depending
on the evidence of observed variables. In this study,
uncertain variables are presented as nodes and casual
relationships between nodes or variables are depicted as
an edge connecting two nodes. Conditional probability
tables (CPT) are developed to determine the strength of

relationships between variables. The BN that is devel-
oped in this study is a directed graph, which does not
allow any cycle in it.

For the vulnerability assessment, let us assume a sim-
ple BN as shown in Figure 2, which includes a set of
variables (e.g., v1 = no vehicle ownership, v2 = presence
of seniors in household, v3 = flood severity, v4 = clear-
ance time, ...vn), V = fv1, v2, v3::::::::::::::::vng. The
relationships between variables are represented by edges
from node vi to vj. For example, edge 1 from v1 to v4

provides the conditional probability p(v4jv1) indicating
v4 is dependent on the value of v1. As the edge goes out
from v1 to v4, v1 is called a parent node of v4 and v4 is
called a child node of v1.

Nodes which have no parent nodes are known as root
nodes e.g., v1 and v2, and nodes having parent nodes, but
no child nodes are called leaf nodes, e.g., v5. The rest are
known as intermediate nodes (e.g., v3 and v4). Given the
conditional probabilities (e.g., v4jv1, v4jv2), the full joint
probability of BN for n variables, v1, v2, v3::::::::::::::::vn,
can be estimated using the following equations:

p(v1, v2, v3::::::::::::::::vn)= p(v1jv2, v3::::::::vn)p(v2jv3, v4:::

:::::vn)::::::::::p(vn�1jvn)p(vn)=
Yn

k = 1

p(vk jvk + 1::::::::::vn)

ð1Þ

However, each node is conditionally independent of
its non-descendants, given its immediate parent nodes. In
that case, Equation 1, for full joint probability, can be
transformed into the following equation where each node
is conditioned over its parents.

p(v1, v2, v3::::::::::::::::vn)=
Yn

k = 1

p(vk j(vvk

parents, i
) ð2Þ

where vvk

parents, i
is a set of all parent nodes of variable vk

One of the notable features of the BBN model is that
it can update the belief of any variable by observing evi-
dence of other variables. For example, the conditional
probability of variable, v1, given the evidence,
E = fv2, v3::::::::::::::::vng, can be calculated as follows:

p(v1jE)=
p(v1, v2, v3::::::::::::::::vn)

p(v2, v3::::::::::::::::vn)
ð3Þ

Additionally, the relative importance of risks and the
associated risk factors can be imported into BBN to iden-
tify the most significant risk.

To determine the degrees of the impacts of vulnerabil-
ity variables, this study has adopted an AHP approach
(25). The proposed approach uses a scale ranging from 1
to 9 to make judgment for pairwise comparison of the
variables (28). To determine the potential inconsistency
in judgment, a consistency ratio (CR) is estimated

Figure 1. An integrated microsimulation-based evacuation
modeling framework.

Figure 2. An example of BN incorporating five variables.
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utilizing the eigenvector method (29). First, a consistency
index (CI) (used to measure the inconsistency of pairwise
comparison) can be estimated using the following
equation:

CI =
gmax � h

h� 1
ð4Þ

where gmax is the largest eigenvalue in reciprocal matrix,
and h is the number of rows or columns. gmax is always
greater than or equal to h. Three conditions together
represent an instance of complete consistency, which
includes (28):

ið Þ xij
�xjk = xik(8i, j, k) ð5Þ

iið Þ gmax=h ð6Þ
iiið Þ CI = 0 ð7Þ

where xij represent the values in the comparison matrix.
If there exists no absolute consistency in experts’ judg-
ments, then gmax.h and the following equation of CR
can be used:

CR=
CI

RI
ð8Þ

Random index (RI) is the average value of CI for a
random matrix. This random matrix can be obtained
from Forman (30). A CR value greater than 0.1 requires
revision of the judgment in the matrix because of incon-
sistent treatment of a factor rating.

The vulnerability of areas is then determined utilizing
the proposed modeling approach in light of information
obtained from an integrated urban systems model, a
flood risk model, and a traffic microsimulation model.

Empirical Application of the Proposed
Framework

Determination of Variables Affecting Vulnerability

To develop a set of variables within the BBN modeling
framework for vulnerability assessment, this study relies
on earlier studies that specifically focused on identifying
factors affecting vulnerability. In total, 29 variables that
affect social vulnerability are analyzed and are made
concise into six variables for the vulnerability assessment
during an evacuation. A brief review of variables can be
found in Wood et al. (4). The socio-demographic vari-
ables identified in this study are: presence of female, chil-
dren, and seniors in a household, household size and
income, and no vehicle ownership. Extra safety aware-
ness is perceived if female and children are present in
household during an evacuation (31). Females are more
vulnerable than men if they are in the role of primary
caregiver to children and seniors who need assistance,

which can prevent females from seeking safe places dur-
ing an evacuation. The presence of seniors decreases eva-
cuation rates, as they are more likely to have physical
impairments and medical conditions that can limit their
mobility, which enables a higher-risk household. Larger
households experience high logistic constraints. Another
key factor for assessing vulnerability is income, which
affects vehicle ownership of a household. ‘‘No vehicle
ownership’’ raises concerns regarding transportation
arrangements to evacuate the transit-dependent
population.

Flood severity and distance of a zone to the flood
source are important measures for assessing the degree of
vulnerability of that area (31). The flood risk model used
in this study revealed that a higher flood severity and a
zone’s proximity to a flood source can cause higher inun-
dation of the area and network links (15). Moreover,
house type is another crucial factor that influences sus-
ceptibility to natural disasters. Because of the nature of
construction, mobile houses are more likely to suffer
from flood or storm damages (32).

This study uses clearance time, demand density, and
zone-to-exit distance to determine the degree of evacua-
tion complexity. For example, exit closure is likely to
increase clearance time, while large population size adds
difficulty in evacuation because of the requirements of
extensive logistic support (10). Given the factors and
causal relationships of the variables described above, the
proposed BBN modeling framework is presented in
Figure 3 followed by the estimation of the variables.

Estimation of the Variables for BBN Model

Estimation of the Social Vulnerability Variables through Urban
Systems Modeling. The long-term simulator used in this
study yields socio-demographic variables identified in the
previous section for the period of fifteen years (from
2007 to 2021). In this study, presence of children is
‘‘True’’ if the age of any household member is \ 18 and
‘‘False’’ if all members are 18 or over. In this case, the
age group that is less than 18 represents young adults
and children who are deemed to be vulnerable and
dependent on others for evacuation. Similarly, for
seniors, ‘‘True’’ holds if any age is .65 and ‘‘False’’ if all
ages are \65. The number of females, children, and
seniors are predicted for each TAZ of the Halifax
Peninsula utilizing the urban systems model. Then, based
on the total population in the zone, percentage female,
percentage children, and percentage seniors are esti-
mated. In relation to different income categories, per-
centage households having zero vehicles in a zone is also
estimated using a similar technique. According to a study
by the United Nations, a household with five members
or more can be considered a large household (33). The
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total number of individuals in a household is determined
by carrying the IDs of all household members under a
unique household ID in the simulator. Based on the
number of members in the households, the total number
of large households in a zone is estimated. A ‘‘True’’
state is used in the BBN model if the number of house-
hold members is greater than or equal to 5 and ‘‘False’’ if
it is less than 5.

Estimation of the Geophysical Vulnerability Variables through
Flood Risk Modeling. The extent of flooding over the
Halifax region is determined utilizing a flood risk model.
First, the LiDAR data obtained from Halifax Regional
Municipality and Google Street View are used to inter-
pret culverts and bridges correctly within a Digital
Elevation Model (DEM). The culverts are then used to
notch the DEM to allow a path for water to move,
resulting in a hydraulically connected DEM. The flood
risk model generates flood layers based on Hurricane
Juan and overlays them with Nova Scotia road network
to simulate the extent of the inundation over the region.
The flood risk model contributes to this study with three
flood severity scenarios and identifies network link dis-
ruptions by percent of the total link length. Moreover,

the model informs if exit closures occur for each flood
scenario. Flood severity is measured based on water lev-
els: Low (2.9 m water level), Medium (3.9 m water level),
and High (7.9 m water level). The information obtained
from the flood risk model is used to determine the pos-
terior probabilities of ‘‘exit closure’’ and ‘‘zone-specific
link disruption’’ given their parent node ‘‘flood severity.’’
A boolean expression is used in this case. For example,
based on flood risk model results, if the flood severity is
high, an exit closure is certain, which is represented by a
value of 1 in the BBN model. In Table 1, several cases
are shown where a boolean expression is used. Two
states named ‘‘True’’ and ‘‘False’’ are used where ‘‘True’’
states the likelihood of occurrence and ‘‘False’’ states the
non-occurrence of a candidate event.

The geographic location of a zone is also important to
assess geophysical vulnerability. The location of a zone
with respect to exit and flood source are determined
using the 2012 Halifax Geodatabase. Distance of any
TAZ to a flood source is inversely related to the degree
of impacts that zone experiences. This study introduces
five classes of distances for the BBN model, such as: class
1 if distance is \ 100 m, class 2 if distance is . 100 m
and \300 m, class 3 if distance is .300 m and \500 m,

Figure 3. The proposed BBN model for vulnerability assessment of the Halifax Peninsula.
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class 4 if distance is .500 m and \1000 m, and class 5 if
distance is .1000 m, to measure the geophysical vulner-
ability. Distance is considered as a deterministic variable
for BBN modeling.

Estimation of the Mobility Vulnerability Variables through
Evacuation Microsimulation Modeling. To obtain the zonal
clearance time, a microsimulation model developed by
Alam et al. is updated and utilized to simulate evacua-
tion scenarios (24). The ‘‘clearance time’’ required to
evacuate each zone on the Peninsula is determined
through the simulation. A higher clearance time poses a
higher level of risk to safely evacuate residents (i.e.,
mobility vulnerability). The updated traffic evacuation
microsimulation model of the Halifax Peninsula has five
entry-exit points for evacuation. The exits include two
bridges, two highways, and a roundabout. The network
model contains 1784 links and connectors that result in a
road network with a total length of 480 km, 41 major
signalized and stop sign-controlled intersections with
2813 resolved turning conflicts in the network. The
model treats areas as TAZ and simulates the evacuation
of 56 TAZs on the Peninsula. The zoning system used in
this study is in alignment with the zoning system of the
Halifax Transport Network Model developed by Bela
and Habib (27). The Halifax Transport Network Model
is utilized to estimate the evacuation demand on the
Peninsula. After the simulation, the total time required
to evacuate each TAZ is recorded. A boolean expression
is used to obtain the posterior probability of ‘‘clearance
time’’ given its parent nodes, ‘‘zone link disruption’’ and
‘‘exit closure’’ (see Table 1). A state ‘‘True’’ is used for
BBN modeling if the clearance time is ‘‘High,’’ meaning
clearance time is . 1 hour, otherwise, ‘‘False’’ is used.

Moreover, greater distance to exit and higher demand
density also elevate the mobility complexity during an
evacuation. In this study, distance to exit is indexed as
class 1 if distance is \ 1.0 km, class 2 if distance is
.1.0 km and \2.0 km, class 3 if distance is .2.0 km and
\3.0 km, class 4 if distance is .3.0 km and \4.0 km,
and class 5 if distance is .4.0 km. Demand density is also

normalized into five classes, such as class 1: 0–0.2, class
2: 0.2–0.4, class 3: 0.4–0.6, class 4: 0.6–0.8, and class 5:
0.8–1.0. The probabilities for nodes ‘‘social vulnerabil-
ity’’, ‘‘geophysical vulnerability’’ and ‘‘mobility vulner-
ability’’ in the BN are determined by the weighted sum of
probabilities of their ‘‘parent nodes.’’ A label type node
representing the weights of each variable is introduced in
the BN. Such weights can be obtained from engineering
judgment, expert knowledge, or both, using any of the
different decision analysis techniques. This study com-
bines AHP with BBN to incorporate weights for each
variable in the BN-based vulnerability assessment model-
ing. The conditional probability table for the node of
composite vulnerability is derived by the weighted sum
of social, geophysical, and mobility vulnerability and
then composite vulnerability is measured.

Weighting of Variables for BBN Model

This study utilizes AHP to determine the weighting fac-
tors for all variables of three vulnerabilities. For demon-
stration purposes, the weighting of variables affecting
social vulnerability is presented in Table 2. For social
vulnerability, AHP follows a four-step approach and V1
stands for ‘‘female presence,’’ V2 for ‘‘children presence,’’
V3 for ‘‘senior presence,’’ V4 for ‘‘large household,’’ and
V5 for ‘‘no vehicle ownership.’’ All the resulting weight-
ing factors of variables of three vulnerabilities with con-
sistency ratio are presented in Table 3.

Results and Discussions

Vulnerability Assessment Results

This study develops a composite vulnerability as well as
social, geophysical, and mobility vulnerability. It identi-
fies risky zones based on the model results, as presented
in Figure 4 (a–d). The results reveal that vulnerable zones
are found to be sporadically located at the north- and
south-end of the Peninsula, the downtown core, and the
Quinpool and Mumford areas. Figure 4a shows that the
north-end of the Peninsula is significantly vulnerable in

Table 1. Example of Boolean Expression Used to Determine the Posterior Probabilities for Variables ‘‘Zone Link Disruption,’’ ‘‘Exit
Closure,’’ and ‘‘Clearance Time’’

Variables Example of expression and description

Zone-specific link disruption If (flood severity = High, ‘‘True,’’‘‘False’’)—if flood severity is high, disruption to links of a
zone is true at certain degree of belief

Exit closure If (flood severity = High, ‘‘True,’’‘‘False’’)—if flood severity is high, exit closure is true at a
certain degree of belief

Clearance time If (zone link disruption = True, exit closure = True, ‘‘True,’’‘‘False’’)—if zone link disruption
and exit closure occur, clearance time is greater than 1.0 hour with certain degree of
belief
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relation to composite vulnerability. The composite vul-
nerability of this end is dominated by social and mobility
vulnerability as seen in Figure 4b and Figure 4d respec-
tively. Similarly, several zones located by Quinpool and
Mumford road are low-income areas and are found to be
significantly socially vulnerable (Figure 4b). The mobility
vulnerability of these zones is also observed to be signifi-
cant (Figure 4d). The social vulnerability is likely to be
concentrated at the downtown core and two ends of the
Peninsula. The vulnerability results suggest that zones
that are socially vulnerable are a result of the presence of
females and seniors in those zones. In addition, ‘‘no vehi-
cle ownership’’ status of the household adds to evacua-
tion risk of a zone. The proportion of females is around
44–64% for all Peninsula TAZs. In the case of the highly
vulnerable locations identified above, the proportion of
seniors in the population is observed to be greater than
39%. A few TAZs in the north-end area show a senior
population proportion of 25%, while the rest of the
TAZs have under 20% seniors. The proportion of ‘‘no
vehicle households’’ on several north-end and downtown
core zones ranges between 33% and 43%, while it is typi-
cally 20–25% or less for the rest.

Analysis of Relative Impacts of Variables Affecting
Vulnerability

To examine the relative impacts of a specific variable in
determining vulnerability, this study conducts a sensitiv-
ity analysis for the variables of all three different vulner-
abilities. For demonstration purposes, this study presents
the impacts of variables of social vulnerability. To ana-
lyze the impacts of causal factors of social vulnerability,
the node ‘‘social vulnerability’’ is set as the target node in
BN and the impacts of its causal factors are measured in
relation to conditional probability. Initially, tornado dia-
grams are created to determine the impacts of variables
on social vulnerability over each TAZ. Impact results of
all individual TAZs are then aggregated to show how the

impacts of different variables on social vulnerability dif-
fer spatially over the Halifax region in Canada. An exam-
ple of a tornado diagram for certain TAZs (e.g., zone ID-
17, 90, 95, and 100) is shown in Figure 5, where a vari-
able with a longer bar reflects higher influence on vulner-
ability than variables with a shorter bar. The diagram
shows the most sensitive parameters for a selected state
of a target node (in this case, ‘‘True state’’ for target node
‘‘social vulnerability’’) sorted from the most to the least
sensitive. The number of parameters shown in Figure 5
can be selected between top 10 and all. For the sensitivity
analysis, the percentage of change in all parameters is
considered to be 10%. The horizontal axis shows the
absolute changes in the posterior probability of social
vulnerability for the state ‘‘True’’ when each of the para-
meters changes by that percentage. The influence of the
variables in relation to changing the vulnerability across
TAZs can be derived from this diagram 5.

Figure 6 shows how the degree of impacts of different
variables (with a change of 10% in their current values)
on the social vulnerability vary spatially over the Halifax
region. Depending on the degree of impacts of a variable
corresponding to a TAZ (a spatial unit), the variable is
assigned a rank in the parameter list of the tornado dia-
gram, which is used as the ‘‘spatial ranking’’ in this
study. A graduated color scale is used where the darkest
color represents a rank of 1, meaning the highest change
in social vulnerability because of changes in the variable,
and the lightest color represents a rank of 5, meaning the
least change caused by the changes in variable. The
results show that the variable, ‘‘female presence’’ is a key
determinant of social vulnerability. This variable ranks
first to third in the list of the parameters of the tornado
diagram for the absolute changes in social vulnerability
of different TAZs. However, for the majority of the
TAZs, it ranks first. The variable ‘‘senior presence’’ is
found to be the most impactful variable for several
TAZs in the core and the north- and south-end of the
Peninsula. ‘‘Children presence, ’’ and ‘‘no vehicle

Table 3. AHP-based Weight Assignment to Variables of Different Vulnerabilities and Consistency Ratios

Vulnerability class Variables Weight assigned Consistency ratio

Social vulnerability Female presence 0.12 0.042 \ 0.1
Children presence 0.37
Senior presence 0.37
Large household 0.06
No vehicle ownership 0.08

Geophysical vulnerability Flood severity 0.24 0.01 \ 0.1
Distance to flood source 0.67
Mobile house 0.09

Mobility vulnerability High clearance time 0.68 0.05 \ 0.1
Demand density 0.11
Distance to exit 0.21

Alam and Habib 9



ownership’’ sporadically contribute to social vulnerabil-
ity. Variable ‘‘large household’’ is found to be dominant
in several downtown zones for the social vulnerability.

The results suggest that ‘‘presence of seniors and chil-
dren,’’ and ‘‘large household’’ variables impact social vul-
nerability taking a rank in the parameter list from 1 to 5

Figure 4. Vulnerability assessment in the Halifax Peninsula, including (a) composite, (b) social, (c) geophysical, and (d) mobility
vulnerability.
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while ‘‘no vehicle ownership’’ holds its position from 1 to
4. This study also evaluates the relative impacts of the
respective variables on geophysical and mobility vulner-
ability. ‘‘Flood severity’’ and ‘‘clearance time’’ are found
to be the most impactful variables in the cases of geophy-
sical and mobility vulnerability respectively.

Conclusion

This study presents an integrated microsimulation-based
evacuation modeling framework to conduct a vulnerabil-
ity assessment. The novelty of this study is that it com-
bines an integrated urban systems model and a traffic
microsimulation model, which offers a unique opportu-
nity to develop evacuation plans for future years. The
proposed framework utilizes the information related to
changes in population distribution, auto ownership, and
traffic flows. One of the unique features of this study is
that it utilized a BBN modeling approach for a vulner-
ability assessment, while addressing uncertainty and cau-
sal relationships in different elements of the vulnerability.

The proposed framework was empirically tested for a
case study of Halifax, Canada. This study determined
risky TAZs over the Halifax Peninsula in the light of
information obtained from an urban systems model, a
flood risk model, and traffic microsimulation model.
Three vulnerabilities (social, geophysical, and mobility)
were analyzed followed by developing a composite vul-
nerability within the integrated modeling framework.
The relatively crucial factors identified by AHP were the
presence of females, seniors, and children in households
for the estimation of social vulnerability, and flood

severity and clearance time for the geophysical and
mobility vulnerability respectively. The probability esti-
mation process has been enhanced by including the
importance of the risk and the risk factors in the BBN
model. The BBN approach identified mobility as a criti-
cal source of vulnerability for the Halifax Peninsula dur-
ing an evacuation. Zones located on the periphery of the
Peninsula, far from the exits, or both, are highly vulnera-
ble in term of mobility. Composite vulnerability is found
to be sporadically concentrated at the north- and south-
end of the Peninsula, the downtown core, and the
Quinpool and Mumford areas. A sensitivity analysis
with a change of 10% in the values of each variable was
conducted for an understanding of the impacts of vari-
ables on the respective vulnerability. The sensitivity
results revealed that the female and senior population
distribution of a zone are key determinants of social vul-
nerability. Flood severity and the high clearance time are
two other impactful factors of geophysical and mobility
vulnerability respectively.

This study contributes to the integration of an urban
systems and a traffic microsimulation model to incorpo-
rate long-term socio-demographic characteristics and
mobility aspects into the vulnerability assessment. The
study has some limitations. For example, it only used the
results of a 2011 urban systems model. Since this study
has used an integrated modeling framework, it can deter-
mine multi-year vulnerabilities for comparison in a
future study. Additionally, testing of an evacuation
improvement strategy, including a staged evacuation that
would be informed by the proposed integrated evacua-
tion microsimulation model, could be interesting. The

Figure 5. Tornado diagram for sensitivity analysis of vulnerability variables.
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proposed model results will help to understand the spa-
tial shifting of vulnerable areas within a time horizon.
The results will inform the prioritization of areas based
on a vulnerability index, which can be the basis of zonal
demarcation. Zonal demarcation enriched with vulner-
ability information can assist a staged evacuation that
would help minimize casualties, particularly focusing on
residents with mobility issues and carless populations.
The results of this research will help emergency profes-
sionals and engineers to develop policies for resolving
ethical dilemmas during spatial prioritization of an
evacuation.
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