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An integrated Belief-Desire-Intention (BDI) modeling framework is proposed for human decision
making and planning for evacuation scenarios, whose submodules are based on a Bayesian Be-
lief Network (BBN), Decision-Field-Theory (DFT), and a Probabilistic Depth-First Search (PDFS)
technique. A key novelty of the proposed model is its ability to represent both the human decision-
making and decision-planning functions in a unified framework. To mimic realistic human behav-
iors, attributes of the BDI framework are reverse-engineered from human-in-the-loop experiments
conducted in the Cave Automatic Virtual Environment (CAVE). The proposed modeling framework
is demonstrated for a human’s evacuation behaviors in response to a terrorist bomb attack. The
simulated environment and agents (models of humans) conforming to the proposed BDI framework
are implemented in AnyLogic R©agent-based simulation software, where each agent calls external
Netica BBN software to perform its perceptual processing function and Soar software to perform its
real-time planning and decision-execution functions. The constructed simulation has been used to
test the impact of several factors (e.g., demographics, number of police officers, information sharing
via speakers) on evacuation performance (e.g., average evacuation time, percentage of casualties).

Categories and Subject Descriptors: K 4.1 [Computers and Society]: Public Policy Issues—
Human safety; H 1.2 [Models and Principles]: User/Machine Systems—Human information
processing

General Terms: Algorithms, Human Factors, Experimentation, Management

Additional Key Words and Phrases: Emergency evacuation, BDI, human decision behavior,
planning, Bayesian belief network

This work was supported by the Air Force Office of Scientific Research under AFOSR/MURI
F49620-03-1-0377 and the Arizona Chapter of the Human Factors and Ergonomics Society.

Authors’ addresses: S. Lee and Y.-J. Son, Systems and Industrial Engineering, The University
of Arizona, 1127 E. James E. Rogers Way, Engineering Building #20, Tucson, AZ 85721; email:
{mountlee,son}@arizona.edu; J. Jin, Industrial and Operations Engineering, University of Michi-
gan, Ann Arbor, MI; email: jhjin@umich.edu.
Permission to make digital or hard copies of part or all of this work for personal or classroom use
is granted without fee provided that copies are not made or distributed for profit or commercial
advantage and that copies show this notice on the first page or initial screen of a display along
with the full citation. Copyrights for components of this work owned by others than ACM must be
honored. Abstracting with credit is permitted. To copy otherwise, to republish, to post on servers,
to redistribute to lists, or to use any component of this work in other works requires prior specific
permission and/or a fee. Permissions may be requested from Publications Dept., ACM, Inc., 2 Penn
Plaza, Suite 701, New York, NY 10121-0701 USA, fax +1 (212) 869-0481, or permissions@acm.org.
C© 2010 ACM 1049-3301/2010/10-ART23 $10.00
DOI 10.1145/1842722.1842728 http://doi.acm.org/10.1145/1842722.1842728

ACM Transactions on Modeling and Computer Simulation, Vol. 20, No. 4, Article 23, Pub. date: October 2010.



23:2 • S. Lee et al.

ACM Reference Format:
Lee, S., Son, Y.-J, and Jin, J. 2010. An integrated human decision making model for evacuation
scenarios under a BDI framework. ACM Trans. Model. Comput. Simul. 20, 4, Article 23 (October
2010), 24 pages. DOI = 10.1145/1842722.1842728 http://doi.acm.org/10.1145/1842722.1842728

1. INTRODUCTION

Human decision behaviors have been studied by researchers in various disci-
plines such as artificial intelligence, psychology, cognitive science, and decision
science [Lee et al. 2008]. As a result of those efforts, several models have
been developed to mimic human decision behaviors. Lee et al. [2008] classified
these models into three major categories based upon their theoretical approach:
(1) an economics-based approach, (2) a psychology-based approach, and (3) a
synthetic engineering-based approach. Each approach exhibits strengths and
limitations. First, models employing the economics-based approach have a con-
crete foundation, based largely on the assumption that decision makers are
rational [Mosteller and Nogee 1951; Simon 1955; Opaluch and Segerson 1989;
Gibson et al. 1997]. However, one limitation is their inability to represent the
nature of human cognition (e.g., stress, fatigue, and memory). To overcome this
limitation, models using a psychology-based approach (second category) have
been proposed [Edwards 1954; Einhorn 1970; Payne 1982; Busemeyer and
Diederich 2002]. While these models explicitly account for human cognition,
they generally address human behaviors only under simplified and controlled
laboratory conditions. As people are seldom confined to the conditions of static
laboratory decision problems, those models may not be directly applicable to
human behaviors in a more complex environment [Rothrock and Yin 2008]. Fi-
nally, the synthetic engineering-based models, which complement economics-
and psychology-based models, employ a number of engineering methodologies
and technologies to help reverse-engineer and represent human behaviors in
complex and realistic environments [Laird et al. 1987; Newell 1990; Rao and
Goergeff 1998; Konar and Chakraborty 2005; Sirbiladze and Gachechiladze
2005; Zhao and Son 2007; Rothrock and Yin 2008; Lee et al. 2008]. The human
decision-making models in this category consist of engineering techniques used
to implement submodules. However, given all of the possible interactions be-
tween submodules, the complexity of such comprehensive models makes them
difficult to validate against real human decisions. More recently, a growing
number of interdisciplinary studies have been conducted to complement each
of the preceding categories [Shizgal 1997; Sanfey et al. 2006; Glimcher 2003;
Sen et al. 2008; Gao and Lee 2006]. In this article, we propose a novel, com-
prehensive model of human decision-making behavior, effectively integrating
engineering-, psychology-, and economics-based models. Another novelty of the
proposed model is its ability to represent both the human decision-making and
decision-planning functions in a unified framework.

Soar, Act-R, and Belief-Desire-Intention (BDI) are three popular synthetic
engineering-based models from which we could develop a more comprehen-
sive, modular, and computational human decision model. Soar and Act-R have
their theoretical bases in the unified theories of cognition [Newell 1990], an
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effort to integrate research from various disciplines to describe a single human
cognition. Thus, Soar and Act-R concentrate on the actual mechanisms of the
brain during information processing, including tasks such as reasoning, plan-
ning, problem solving, and learning. Consequently, these models become com-
plex and difficult to understand. On the other hand, the core concepts of the
BDI paradigm, originally based in folk psychology, allow use of a programming
language to describe human reasoning and actions in everyday life [Norling
2004]. Because of this straightforward representation, the BDI paradigm can
easily map extracted human knowledge into its framework. Accordingly, the
BDI paradigm has been applied successfully in many medium-to-large-scale
software systems including an air-traffic management system [Kinny et al.
1996]. For this reason, we have adopted the BDI framework as a core modeling
and integration tool in our research.

In this article, the proposed human decision model is illustrated using sce-
narios of emergency evacuation from a terrorist bombing attack in a large
city. Effective crowd management requires accurate prediction of the impact of
such incidents on the crowd as well as on the environment (which will affect
the crowd’s behavior). Furthermore, the human lives at stake require that such
predictions be highly accurate. For these purposes, high-fidelity simulation is
an ideal technique, as it enables experiments not feasible during real incidents.
In this article, we construct a model of an individual with unique characteris-
tics (i.e., situation awareness) based on information extracted from human-in-
the-loop experiments. Those characteristics are instantiated as entities with
different attribute values to create a crowd, which will act in accordance with
the proposed, highly detailed human decision model.

The rest of this article is organized as follows. In Section 2, we discuss the
BDI framework and the techniques used in its submodules. In Section 3, the
proposed planning algorithm is discussed in detail. Then, Section 4 discusses
human-in-the-loop experiments in the Virtual Reality (VR) environment and
construction of a crowd simulation that conforms to the proposed human behav-
ior model and to the human behaviors extracted from the experiments. Finally,
Section 5 presents conclusions.

2. EXTENDED BELIEF-DESIRE-INTENTION MODEL
AND ENABLING TECHNIQUES

BDI is a model of the human reasoning process, where a person’s mental state is
characterized by three major components: beliefs, desires, and intentions [Rao
and Georgeff 1998]. Beliefs are information that a human possesses about a
situation, and beliefs may be incomplete or incorrect due to the nature of hu-
man perception. Desires are the states of affairs that a human would wish to
see manifested. Intentions are desires that a human is committed to achieve.
Zhao and Son [2007] extended the decision-making module (corresponding to
the intention component) of the original BDI model to include three detailed
submodules: (1) a deliberator, (2) a real-time planner, and (3) a decision ex-
ecutor in the decision-making (intention) module (see Figure 1). This extension
was necessary to accommodate both the decision-making and decision-planning
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Fig. 1. Components of the extended BDI framework.

functions in a unified framework. In addition, an emotional module containing
a confidence index and time pressure also has been appended to represent these
aspects of human psychology. The emotional module affects and is affected by
the three other mental modules, that is, beliefs, desires, and decision making.
While Zhao and Son’s [2007] achievement was to provide a conceptual exten-
sion of the BDI model, this article discusses actual algorithms and techniques
that we have employed and further developed to realize submodules for the
extended model. While decision-making behavior in the extended BDI model
is an ongoing and iterative process, we can start from the belief module for
purposes of illustration (see Figure 1). The perceptual processor, a subjective
information filter in the belief module, translates information about the envi-
ronment and the agent (human model) itself into its beliefs. As a result, the
agent has only partial and possibly biased information about the environment
and itself. This information therefore is labeled belief, not knowledge. Then,
based on the current beliefs, the agent evaluates potential states of affairs and
finds desirable states (desires) through the desire generator. The agent selects
one desire (which becomes an intention) via the deliberator. The agent then
generates alternative plans based on its current beliefs with the purpose of
achieving its intention. A plan in this article is defined as a sequence of actions
the agent needs to perform to achieve its intention. Once an optimal or satis-
factory plan (a series of tasks/actions) is identified, a decision executor in the
decision-making module executes the series of tasks specified in the plan. In
this work, a confidence index is an exponential smoothing function of the de-
viation between what is predicted about the environment during the planning
stage and the actual environment during the execution stage. If the confidence
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Fig. 2. Sequence diagram of components (corresponding techniques) of the human behavior model.

index exceeds a certain threshold (so that the model is operating in the so-
called “confident” mode), then the decision executor executes all the tasks in
the plan. Otherwise the model is operating in the so-called “suspicious” mode,
and replanning is performed before executing each task.

In this article, we employed and further developed novel techniques from
various disciplines to realize and implement each component of the extended
BDI modeling framework, including the Bayesian Belief Network (BBN), De-
cision Field Theory (DFT), and Probabilistic Depth-First Search (PDFS). Each
of these techniques is explained in the following subsections. Figure 2 depicts
a sequence diagram of the overall decision planning process, displaying the
sequential interactions between components (and corresponding techniques)
of the extended BDI modeling framework. Whenever an agent needs to make
a decision, it performs planning (single horizon or multi-horizon) via PDFS,
which in turn accesses DFT and the BBN to obtain preferences and assess the
environment, respectively. Once DFT obtains an assessment of the environ-
ment from the BBN, it calculates the preference value of each option, which
will be used to calculate the choice probability of each option. Then PDFS se-
lects an option and makes a plan based on the calculated choice probability.
Since the decision has been made based on the preference value of each op-
tion with the predicted human preference value provided by DFT, which has
been successfully applied to many cognitive tasks [Busemeyer and Diederich
2002], it can mimic the cognitive nature of human decision behavior. How-
ever, for applications in which a decision depends solely on rational reason-
ing, DFT can be replaced with other techniques such as rule-based decision
making.
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Fig. 3. The BBN for inferring risk, evacuation time, and risk weight for an option.

2.1 Application Scenario

The proposed human decision behavior model is illustrated in the context of
crowd evacuation behaviors in response to a terrorist bomb attack in the Wash-
ington, D.C., National Mall area. A map (satellite image) of the area is shown
in Figure 8 in Section 4.1. Given the scenario, we characterized different types
of agents (models of humans) based on: (1) familiarity with the area (which will
entail different evacuation planning), (2) risk-taking behavior, (3) confidence
index (affecting the moving speed of an agent and leader/follower behavior), and
(4) guidance by police. The scenario begins when an explosion occurs, the police
are informed of it via radio transmission, and the police ask people (agents)
around them to evacuate the area. Agents’ evacuation behaviors will vary ac-
cording to their characteristics. For example, those who are familiar with the
area (commuters) invoke the multi-horizon planning algorithm (see Figure 4)
to develop their evacuation plan. On the other hand, those who are not famil-
iar with the area (novice agents) move from intersection to intersection (i.e.,
invoke the single-horizon planning algorithm) and may be guided by a police
officer or a commuter agent to the nearest exit. One example of an exit point is
a Metro station located well beyond the radius of the explosion (see Figure 8).
The confidence index of an agent also determines the leader/follower behavior
(see Section 4.1). Once agents reach an exit point, they are discarded from our
simulation.

2.2 Decision Field Theory (DFT)

Decision Field Theory (DFT) is a human decision-making model based on
the principles of psychology rather than economics [Busemeyer and Diederich
2002]. It provides a mathematical framework to represent the psychological
preferences of humans with respect to different options during their delibera-
tion process [Busemeyer and Townsend 1993]. Later, Lee et al. [2008] extended
DFT to cope with dynamically changing environments by employing BBN, and
their model was validated using human-in-the-loop experiments involving a
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Fig. 4. Planning algorithm.

simulated stock market. In this work, we employ DFT (in conjunction with
PDFS as described in Section 2.4) to implement the real-time planner submod-
ule in the decision-making module of the proposed extended BDI framework
(see Figure 1). In extended DFT, the human preference can be described as
Eq. (1).

P(t + h) = SP(t) + CM(t + h)W(t + h) (1)

In Eq. (1), P(t) (an m×1 vector, where m is the number of options) represents
a preference state, where Pi(t) represents a preference value for option i at
time t < TD, where TD is the time when a final decision is made, and h is a
time step. The stability matrix S of Eq. (1) represents the lingering effect of
the preference from the previous state (the memory effect) and the effects of
interactions among options. In particular, the diagonal elements of S denote
the memory of the previous state’s preferences, and the off-diagonal elements
denote inhibitory interactions among the competing options. The matrix S
is assumed to be symmetric with the same value for each diagonal element to
represent the fact that each option is subject to the same memory effect and the
same interaction effect with each other option. Furthermore, for the stability
of this linear system, the eigenvalues λi of S are assumed to be less than one
in magnitude (|λi| < 1). The value matrix M(t) (an m× n matrix, where m is the
number of options, and n is the number of attributes) represents the subjective
evaluations (perceptions) of a decision-maker regarding each attribute of each
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option at time t. In other words, given items of objective information (e.g.,
smoke, fire, police, crowd, and distance in the considered scenario), evacuators
obtain their own subjective evaluations for each attribute (e.g., risk and time)
of each given option (e.g., a path from an intersection); and these evaluations
constitute the M(t) matrix. The weight vector W(t) (an n×1 vector, where n is
the number of attributes) allocates the weights of attention corresponding to
each attribute considered at time t. An important assumption of DFT is that
the weight vector W(t) changes over time according to a stationary stochastic
process. The matrices M(t) and W(t) can be inferred from BBN in our research.
The matrix C is the contrast matrix comparing the weighted evaluations of each
option, M(t)W(t). If each option were evaluated independently, then C would
be I (the m × m identity matrix). In this case, the preference value of each
option could increase simultaneously (see Eq. (1)). Alternately, the elements of
the matrix C can be defined as cii = 1 and cij = −1/(m− 1) for i �= j where m
is the number of options. In this case, increasing the preference for one option
decreases the preference for all alternative options, and the sum of the elements
of CM(t)W(t) (an m×1 vector, where m is the number of options) is always zero.
In this research, we adopted the latter definition of the C matrix. For example,
if our evacuation scenario has two options (see Section 2.1), the corresponding
DFT formula, as defined in Eq. (1), is shown in Eq. (2).(

p1(t + h)

p2(t + h)

)
=

(
s1 s2

s2 s1

) (
p1(t)

p2(t)

)
+

(
1 −1

−1 1

)

×
(

m1
risk(t + h) m1

time(t + h)

m2
risk(t + h) m2

time(t + h)

) (
wrisk(t + h)

wtime(t + h)

)
(2)

2.3 Bayesian Belief Network For Perceptual Processor

In this research, a Bayesian Belief Network (BBN) is employed to represent
the perceptual processor (see Figure 1) of the proposed human behavior model
in a dynamically changing environment. The BBN is a cause-and-effect di-
rected acyclic network whose nodes represent the variables to be considered,
and whose arc directions encode the conditional dependencies and cause-effect
relationship between variables. By using the BBN, we can capture probabilistic
relationships as well as historical information between variables by incorpo-
rating prior and conditional probabilities that can be used to infer the posterior
probabilities using Bayes’ theorem. The major advantage of the BBN as a per-
ceptual processor is its ability and flexibility to handle uncertain and dynamic
environments. In other words, even if not all the information considered by the
BBN is currently available, the BBN still can give a convincing probabilistic
answer based on historical data.

Figure 3 depicts a BBN used to infer the beliefs of an agent in response to the
evacuation scenario described in Section 2.1. The beliefs that the BBN infers
from environmental information (e.g., smoke, fire, police, crowd, and distance)
consist of: (1) the perceived values of attributes (risk and evacuation time)
for the option under consideration (i.e., a path from an intersection), and (2)
weights accorded to each attribute (risk versus evacuation time). The weights
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associated with each attribute at time t,

W(t) =
(

wrisk(t)

wtime(t)

)

can be obtained from the “RiskWeight” node of the BBN in Figure 3 by defining
wrisk(t) = “RiskWeight” and wtime(t) = 1− “RiskWeight”. Similarly, the per-
ceived value of each attribute of each available option at time t,

M(t) =

⎛
⎜⎜⎝

m1
risk(t) m1

time(t)

m2
risk(t) m2

time(t)
...

...

⎞
⎟⎟⎠

can be obtained from “Risk” and “EvacuationTime” nodes of BBN by assign-
ing mi

risk(t) = ‘Risk’ and mi
time(t) = “EvacuationTime” for option i. Thus these

inferred values for W(t) and M(t) will be fed into Eq. (2) to derive the choice
probability via DFT. Although only two attributes (risk and time) are consid-
ered in this article, it is noted that additional attributes (e.g., fear of dying,
potential for escape, desire to help others) can be incorporated easily. The in-
ferred belief from the BBN is intended to be similar to that of a real human.
This similarity can be obtained by constructing the BBN based on the data
obtained from human-in-the-loop experiments. Details of the experiment are
described in Section 4.

2.4 Probabilistic Depth-First Search (PDFS) for Real-Time Planner

In this research, we employed the Probabilistic Depth-First Search (PDFS)
method (in conjunction with DFT) to implement the real-time planner in the
extended BDI framework (see Figure 1). The depth-first search method requires
less information to be tracked compared with the breadth-first search, so is be-
lieved to be more appropriate for ordinary people. To this end, we employed
Soar software to implement the PDFS. While Soar is also known as a general
cognitive architecture, the aspect of Soar employed in this research is the com-
puter programming tool, which provides built-in data structures and operators
for depth-first search. Soar searches the problem space in a depth-first manner,
where a particular branch is selected based on the choice probability of each
branch. In order to evaluate a series of decisions in a plan, Soar first proposes
all available options and then selects one of them as the next task based on
their preference values. Soar has eleven types of preferences including accept-
able, require, prohibit, reject, better, worse, best, worst, unary indifferent, binary
indifferent, and numeric indifferent. Except for the numeric indifferent pref-
erence, all of the preference types are deterministic. For example, an option
with the require preference must be selected, and an option with the prohibit
preference must not be selected. The preferences better and worse enable the
comparison of two options, and the superior option is selected. When the pref-
erence is of the numeric indifferent type, the numeric values of each option are
interpreted as choice probabilities.

As discussed in Section 2.2, DFT provides a method of calculating preference
values for each option based on the current environment. Preferences evolve
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over a series of time steps as the agent’s attention shifts between attributes.
At the end of this process (known as DFT evolution), the agent selects the op-
tion with the highest preference value. For each decision, we performed 1000
replications of DFT evolution. We calculated the choice probability for each
option by counting the proportion of the 1000 replications in which that option
ended up with the highest preference value. For the binary choice problem,
Lee et al. [2008] proved that there is a finite time t (a duration of DFT evo-
lution) when the choice probability converges. To obtain the converged choice
probability, we must perform DFT evolution for a sufficient number of time
periods. If we fail to evolve the preferences for enough time periods, the choice
probability that we calculate will be inconsistent across DFT deployments.
Once we obtain a converged choice probability for each option, we feed it into
Soar as the value of a numeric indifferent preference. For example, based on
the environmental information (Ismoke, Ifire, Ipolice, Icrowd, and Idistance in our sce-
nario of Section 2.1) and the available options (Oright, Oleft, Oforward, Obackward

which denote going right, left, forward, and backward, respectively, in our sce-
nario of Section 2.1), DFT evolves the preference values for each option until
they converge in each of the 1,000 replications. Let us suppose the numbers
of occurrences of each option having the highest preference value are given
(pright, pleft, pforward, pbackward) based on the converged preferences from multi-
ple replications (p = ∑

i∈Options pi). And suppose further that we select an option
with the highest preference value as a final decision in each replication. Then,
we can calculate the choice probability of each option (Pr(Oright) = pright/p,
Pr(Oleft) = pleft/p, Pr(Oforward) = pforward/p, Pr(Obackward) = pbackward/p) and
feed them into Soar as the value of the numeric indifferent preference. Then,
Soar selects an option based on the given preference (choice probability in this
case). The preceding procedure is repeated for the given length of the plan-
ning horizon, which differs for each individual human (agent). For example,
the planning horizon for a novice agent (who has no knowledge about the
area) would be one step (i.e., next path). However, a commuter who is familiar
with the environment may have a multi-horizon plan. In this work, the plan-
ning horizon of a commuter agent is set randomly to a value between 2 and
10. More details about the multi-horizon planning algorithm are discussed in
Section 3.

2.5 Confidence Index

As mentioned before, the confidence index determines: (1) the execution mode
(confident or suspicious mode) in the BDI framework, and (2) the type of
agent (leader or follower). Eq. (3) depicts the confidence index proposed in this
research as

CIt = α · e−dt + (1 − α)CIt−1 for t = 1, 2, . . . , (3)

where dt > 0, 0 ≤ α ≤ 1, and 0 ≤ CI0 = β ≤ 1. In Eq. (3), dt denotes the de-
viation between what is predicted about the environment during the planning
stage and the actual environment during the execution stage. Thus, the agent
updates its confidence index at each street intersection, where it can compare
its prediction with an actual observation. Eq. (4) depicts dt used in our research,
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where mi
risk(t) is the evaluation of the risk associated with option i, and mi

time(t)
is the evaluation of the evacuation time associated with option i.

dt = ∣∣mi
risk(t) − mi

risk(t − 1)
∣∣ + ∣∣mi

time(t) − mi
time(t − 1)

∣∣ (4)

The parameter α in Eq. (3) represents the effect of the agent’s previous level
of confidence on its current level of confidence, which varies depending on the
individual human. The initial confidence value (β) is given and depends upon
the agent’s type. By definition, the range of the confidence index is between 0
and 1. In this work, the initial confidence index assigned to commuter agents
and novice agents are unif(0.5, 1) and unif(0.2, 0.7), respectively.

3. DETAILED REAL-TIME PLANNING ALGORITHM

This section discusses in greater detail the planning algorithm (both multi-
horizon and single-horizon) (see Sections 3.1 and 3.2) implemented in Soar.
As mentioned earlier, Soar is a computer programming tool that can be used
to implement theories and concepts in various fields of cognitive science such
as psychology, linguistics, anthropology, and artificial intelligence. In order to
make an architecture (such as Soar) produce cognitive behaviors, we need to
insert information such as knowledge and rules into it. Thus, we developed
our planning algorithms within the Soar architecture to let Soar devise a plan
accordingly.

Figure 4 depicts pseudocode for the proposed planning algorithm for the
evacuation application (see Section 2.1), which is implemented in Soar. Us-
ing this algorithm, individual agents (humans) develop their evacuation plans
(routes) dynamically (involving from 1 to 10 planning steps) until they reach
their destinations. The first line of Figure 4 shows that the application uses
the BBN and DFT to obtain preference values for the paths directly accessible
from the current position. Then, the algorithm works differently depending on
the type of agent: novice or commuter. As noted in Section 2.5, the agent revises
its plan when its confidence index falls below a threshold value. The following
subsections discuss both cases in detail.

3.1 Multi-Horizon Planning Algorithm for Commuter Agent

As mentioned earlier, commuter agents represent people with enough knowl-
edge about the area to plan beyond the current decision point (selecting a path
from the current intersection to the next intersection). To illustrate the algo-
rithm for various situations, an exemplary evacuation area (in Washington,
D.C.) is used (see Figure 5 for satellite image and its corresponding graph).
The graph (G) used here is defined formally as G = (V, E), where V and E
represent a set of nodes and edges pertaining to the graph, respectively. The
graph (G) in Figure 5 has nodes V (G) = {a, b, c, d, e, f, g, h, I, j, k, l, m, n, o}
and edges E(G) = {ab, bc, be, de, ef, ej, fc, fg, gh, gk, hl, ij, jk, jm, kl, kn, lo, mn}.

In this example, it is supposed that an agent in node e is searching for a
route (series of decisions, R(G)) to the destination node o. Figure 6 depicts a
series of selection processes (of a path), which can be described as following:

(1) At node e (see Figure 6(a)), the agent evaluates each path (be, de, ef, ej)
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Fig. 5. Graph representation of the evacuation area.

in terms of smoke, fire, police, crowd, and the updated distance to the
destination (distance to node o from nodes b, d, f , j).

(2) Based on his observations, the agent infers the evaluation matrix M(t),

M(t) =

⎛
⎜⎜⎜⎜⎝

mbe
risk(t) mbe

time(t)

mde
risk(t) mde

time(t)

mef
risk(t) mef

time(t)

mej
risk(t) mej

time(t)

⎞
⎟⎟⎟⎟⎠

and weight vector W(t),

W(t) =
(

wrisk(t)

wtime(t)

)

via BBN (see Figure 3)

M(t) =

⎛
⎜⎜⎜⎜⎝

m(t)be
risk m(t)be

time

m(t)de
risk m(t)de

time

m(t)ef
risk m(t)e f

time

m(t)ej
risk m(t)ej

time

⎞
⎟⎟⎟⎟⎠ , W(t) =

(
w(t)risk

w(t)time

)

where m(t)be
riskmbe

risk(t) represents the evaluation of the risk attribute for edge
be at time t, and wrisk(t)w(t)risk is the weight for the risk attribute at time t.

(3) The matrices M(t) and W(t) obtained in step 2 are provided to Eq. (1) (DFT),
whose multiple replications generate the choice probabilities Pr(be), Pr(de),
Pr(ef), Pr(ej) for each path be, de, ef, ej. For each replication, DFT evolution
runs for enough time periods to allow convergence of the choice probability
(see Section 2.4).

(4) Now, the choice probabilities are fed into Soar, and Soar selects one path
randomly based on the probabilities (see Figure 6(b)). Suppose path ej
is selected; then, R(G) is updated to {ej}. Then, the same process (see
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steps 1, 2, 3, and 4) is used to pick a second path from intersection j. The
final step of the current iteration before starting the second iteration is
to set the preference of ej (i.e., pej) to worst so that path ej (coming back
to the intersection e again) will be elected only if there is no other choice
in the second iteration. It is noted that while the second iteration of the
planning algorithm starts from intersection j, the agent is still located at
intersection e.

(5) At node j (see Figure 6(c)), the agent repeats step 1 to evaluate each
path (ej, ij, jk, jm). However, this evaluation addresses only the updated
distance to the destination (distance to node o from nodes e, i, k, m) as other
environmental variables at intersection j (smoke, fire, police, and crowd)
are not visible from the current location (intersection e) of the agent. Then,
the agent repeats step 2 to infer the evaluation matrix M(t) and the weight
vector W(t) via the BBN (see Figure 3), where the BBN uses the updated
distance to the destination and the expected values for smoke, fire, police,
and crowd. Then, the agent repeats step 3 to obtain the choice probabilities
Pr(ej), Pr(ij), Pr(jk), Pr(jm), where the value (worst) of pej (see step 4) is
not updated. Then, the agent repeats step 4, selecting path ij and updating
R(G) = {ej, ij} and pij = worst (see Figure 6(d)). Note again that the agent
is still planning the route without actually moving.

(6) At node i (see Figure 6(e)), the agent repeats steps 1, 2, 3, 4. However,
as shown in Figure 6(e), the only available path is edge ij, whose pij was
assigned as worst in step 5. In this case, although pij = worst (implying
a very small probability instead of zero probability), edge ij is selected
and R(G) is updated to {ej, ij, ij} (see Figure 6(f)). Then, since edge ij has
been taken twice, a cycle has been formed and the edges in the cycle are
deleted from R(G) (i.e., R(G) = {ej}) according to our planning algorithm.
Then, Soar selects an edge from intersection j again based on the choice
probabilities Pr(ej), Pr(ij), Pr(jk), Pr(jm), where both pej and pijare worst
(see Figure 6(g)). This way, path ij is rarely selected again.

(7) The agent repeats the previous process until its plan reaches the destina-
tion node o or the limit of the planning horizon (n) is reached (see Figure
6(h)). In this multi-horizon planning process, the limit of the planning hori-
zon is the same as the number of elements (edges) in R(G). At this point,
the multi-horizon planning process is complete, and the agent executes a
decision based on the plan (R(G)).

3.2 Single-Horizon Planning Algorithm for Novice Agent

Novice agents (e.g., tourists) are those people who do not have knowledge of
the area. Novice agents cannot develop a multi-horizon plan because they do
not have any information (e.g., updated distance to the destination) other than
what they see for the adjacent paths. Therefore, their planning horizon is one
(see line 12 of Figure 4). It is noted that the planning procedure for the novice
agent is the same as that of the commuter agent (steps 1 to 4 in Section 3.1),
but with a planning horizon (n) of 1.
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Fig. 6. Illustration of planning algorithm.
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3.3 Metamodel of Choice Probability for Commuter Agent

During the multi-horizon planning of the commuter agent (see Section 3.1),
the choice probabilities for the paths (even beyond the current intersection) are
calculated repeatedly via the BBN and DFT (see line 8 of Figure 4), which re-
quires intensive computational power, especially when the simulation involves
numerous agents. Thus, this section discusses an aggregated metamodel that
allowed us to obtain the choice probabilities in a significantly shorter time.
It is noted that both the original approach (the BBN-DFT method) and the
metamodel can be used adaptively according to computational availability.

For planning from the current intersection to an adjacent one (all considered
environmental variables are available to the agent), both the original approach
(the BBN-DFT method) and the metamodel obtain choice probabilities using
BBN and DFT in exactly the same way (see steps 1, 2, 3, 4 in Section 3.1). How-
ever, the original approach and the metamodel work differently for planning
beyond the current intersection. The original (BBN-DFT) method uses only
knowledge of the distance from the considered node to the destination to infer
M(t) (evacuation time and risk) via the BBN and to obtain the choice prob-
abilities. On the other hand, the proposed metamodel uses knowledge about
the number of connected paths from an intersection (which is related to risk)
in addition to knowledge of distance (which is related to evacuation time). For
example, considering four nodes b, d, f, j connected to node e in Figure 5, nodes
b and f have three paths away from each of them, node d has one path away
from it, and node j has four paths away from it. Here, we consider the number
of connected edges emanating from a node because going to an intersection
connected to more paths may be safer in an emergency evacuation situation.
Based on knowledge about the distance from a connected to the destination
and the number of connected paths emanating from that node, the preference
value of each path is calculated using Eq. (5), as

pi = ki + (
I[xcurr,xdest](xi) + I[ycurr,ydest](yi)

) · wdist, (5)

where pi = preference of path i; ki = number of paths connected from the node
connected to path i; I is the indicator function; (xi, yi) = x, y coordinates of the
node connected to path i; (xcurr, ycurr) = x, y coordinates of the current node;
(xdest, ydest) = x, y coordinates of the destination node; wdist = weight associated
with the distance factor. The proposed metamodel accords a higher preference
as the number of connected paths increases (less risk) or the distance to the
destination decreases (shorter evacuation time). The weight associated with
the distance factor (wdist) allows us to adjust the impact of the distance and the
number of connected paths. Once the calculated preference values are fed into
Soar, Soar selects one path using the choice probabilities calculated from the
preference values as described shortly.

To illustrate the proposed metamodel, we consider the same example used
in Section 3.1 (searching for a route from node e to node o). For the decision
from the current intersection (e) to an adjacent intersection, the agent uses
the original (BBN-DFT) method. It is assumed that path ej is selected (i.e.,
R(G) = {ej}). This places the agent at node j, which is connected to nodes e, i,
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k, m. The numbers of connected paths are ke = 4, ki = 1, kk = 4, and km = 2,
respectively, and the coordinates of the nodes are (xe, ye) = (5, 7), (xi, yi) = (3,
8), (xk, yk) = (3, 4), and (xm, ym) = (1.5, 7). It is assumed that the current node
((xcurr, ycurr) = (xj, yj)) is located at (3, 7), the destination node ((xdest, ydest) =
(xo, yo)) is located at (0, 0), and wdist is set to 2. Preference values for each node
can be calculated using Eq. (5): (1) pe = 4+3/5·2 = 5.2, (2) pi = 1+7/8·2 = 2.75,
(3) pk = 4+7/4·2 = 6.8, and (4) pm = 2+3/1.5·2 = 6. Here, as path ej already
has been selected, pe is set to worst. Next, Soar uses these preference values
to calculate the choice probabilities: (1) pi = 2.75/(2.75 + 6.8 + 6) = 0.18, (2)
pk = 6.8/(2.75+6.8+6) = 0.44, and (3) pk = 6/(2.75+6.8+6) = 0.38, and selects
a path randomly based on those choice probabilities. This planning procedure
is repeated until it reaches destination node o or the planning horizon limit
is reached. Comparisons between the original method and the metamodel (in
terms of required computation and quality of generated plans) are left as a
future research task, and the experimental results, which will be discussed in
the next section, in the current work are based on the metamodel.

4. EXPERIMENT AND VALIDATION

This section describes a crowd simulation model that mimics the previously-
described emergency evacuation scenario (see Section 2.1), utilizes human-
in-the-loop experiments for human behavioral data collection, and facilitates
testing the impact of several factors (e.g., demographics of agents, number of
police officers, information sharing via speakers) on evacuation performance
(e.g., average evacuation time, percentage of casualties). The crowd simula-
tion model was developed based on the two-layer modeling principles proposed
by Hamgami and Hirata [2003]: (1) modeling the agent and (2) modeling the
environment that agents interact with, such as paths and intersections. By
employing these two conceptual layers, we isolated models of the environment
and agent, which made the modeling process easy. The interaction between the
layers is analogous to the interaction between humans and their surroundings
in the real world. The agent makes decisions based on perceptions of the envi-
ronment and executes decisions to achieve its intention in the environment.

4.1 Simulation Model Development

The environment (path and intersection information representing the National
Mall in Washington, D.C.) has been implemented in AnyLogic R©6.0 agent-based
simulation software. As discussed in Section 2, an agent plans and makes deci-
sions via the BBN, DFT, and PDFS techniques. For implementation purposes,
we employed various software packages: Netica for BBN, JAMA (a Java matrix
package) for DFT, and Soar for PDFS. The fact that all of these software pack-
ages are Java based or have a Java interface has facilitated their integration. In
our simulation, three types of agents are considered: (1) commuter, (2) novice,
and (3) police agents. Each type of agent behaves differently. Commuter agents
can be further defined as leaders, who lead the follower agents to the exits.
And, both commuter and novice agents can be characterized as follower agents
depending on the confidence index. When agents with a low confidence index
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Fig. 7. State charts of the agent behaviors.

(follower agents) meet a leader agent, they start to follow that agent. Figure 7
depicts the behaviors of each agent using state charts. A state chart diagram is
a generic way of representing the behavior of an agent in response to external
events (e.g., an explosion) or internal events (e.g., achieving an intention). The
intention of an agent is modeled in the state chart diagram through a sequence
of transitions from one state to another. Every commuter and novice agent fol-
lows the state chart on the left, and every police agent follows the state chart on
the right. Agents’ individual behaviors are differentiated by parameters such
as the confidence index and the planning horizon and by randomness within
the BBN and DFT subroutines. The number of agents of each type in the sim-
ulation can be adjusted. As shown in Figure 7, when the explosion occurs, the
commuter and novice agent’s state transitions from “Normal” to “Abnormal”
and the police agent’s state changes to “Evacuate”. When the commuter and
novice agents transition into “Abnormal” state, their underlying state becomes
“Evacuate”, “Wounded”, or “Dead” depending on their distance from the explo-
sion. If a follower agent who is in the “Evacuate” state meets a leader agent,
its state becomes “Follow”.

Figure 8 depicts a snapshot of the AnyLogic R©simulation, in which a bomb
explosion is shown in the middle of the map and agents are evacuating the area.
When the simulation begins, it generates the requested number of agents of
each type and places them randomly within the selected area heading towards
their everyday destinations (in the “Normal” state). Fifteen seconds after the
simulation starts, an explosion occurs in the middle of the area. Based on
distance from the explosion, agents within “fatal range” (as indicated by a
smaller circle with solid line in Figure 8) of the explosion at that moment
become dead. Similarly, the agents within “wound range” become wounded,
and agents within “notice range” will notice the explosion and start to evacuate.
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Fig. 8. Emergency evacuation simulation in AnyLogic R©.

Smoke goes up and diffuses (as indicated by a dotted circle in Figure 8) from
the explosion. In addition to the perception of sound and smoke, an agent can
notice the explosion via communication with other agents and police. When
two agents reach a certain proximity to each other, they can communicate and
exchange information about the explosion. When agents notice the explosion,
they start to move faster and head toward one of the four exits in the area. The
simulation allowed us to observe the agents’ behaviors that mimic humans in
the given scenario; and using the simulation, we were able to evaluate various
evacuation policies.

4.2 Virtual Reality Human Experiments

As discussed in Sections 2.2 and 2.3, the BBN infers M(t) and W(t), and
DFT calculates preference values of the options based on those matrices of
evaluations and weights. Thus, constructing an accurate BBN for a human
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Fig. 9. Human-in-the-loop experiment and CAVE system.

is a critical task in the development of a simulation that accurately mim-
ics human behavior. To this end, we conducted human experiments to ex-
tract their behaviors and translate those behaviors into a BBN. In this re-
search, we used the Cave Automatic Virtual Environment (CAVE) to conduct
human experiments in a 3D environment. “Immersiveness” means that the
user’s point of view or some part of the user’s body is contained within the
computer-generated space of the VR environment. Immersiveness allows us
to observe quasireal human response data in a very practical way for a po-
tentially life-threatening situation without actually putting humans at risk,
whereas 2D-based experiments do not completely immerse the human subjects
and would result in relatively unrepresentative participation from them [Shen-
darkar et al. 2006]. However, it is noted that other methods allowing subjects
to imagine the scene such as text description, pictures, or movie clips may
replace the CAVE system. The hardware system used is the FakeSpace, Inc.,
CAVE simulator. Figure 9 depicts a human-in-the-loop experiment in CAVE
and the CAVE system, respectively. The 3D model projected within the CAVE
system is developed using Google SketchUp 3D modeling software. The in-
dividual 3D images were collected from the Google SketchUp component li-
brary and the Google 3D Warehouse. Figure 10 depicts a snapshot of a virtual
cityscape of an intersection developed by the Google SketchUp 3D modeling
software.

In the human-in-the-loop experiment, each subject is asked to evaluate the
risk and the evacuation time of 3 available paths (i.e., right, forward, and
left) depending on the various environmental observations (i.e., fire, smoke,
police, and crowd) at each intersection. Also, each subject is asked to select
one of the 3 available paths. In this study, 6 volunteer subjects participated
in the experiment. For each subject, an experiment involving 18 intersec-
tions with different environmental settings was repeated 3 times. The data
collected on the relationship between the environment and the subject’s eval-
uation was used to construct a BBN in the form of a conditional probability
distribution.
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Table I. Comparisons of Decisions between Human Subjects and
Proposed Model

Actual Decision Simulation
Intersection Path1 Path2 Path3 Path1 Path2 Path3
1 0.15 0.75 0.1 0 0.97 0.03
2 0.4 0.2 0.4 0.75 0 0.25
3 0.3 0 0.7 0 0 1
4 0.05 0.55 0.4 0 0 1
5 0.35 0 0.65 0.41 0 0.59
6 0.35 0.1 0.55 0 0 1
7 0.15 0.3 0.55 0 0.14 0.86
8 0.6 0 0.4 0.21 0 0.79
9 0.78 0.17 0.05 1 0 0
10 0.333 0.333 0.333 0.18 0 0.82
11 0.5 0.11 0.39 0.1 0 0.9
12 0.61 0 0.39 1 0 0
13 0.11 0.83 0.06 0 1 0
14 0 0.89 0.11 0 1 0
15 0.11 0.89 0 0 1 0
16 0.11 0.89 0 0 1 0
17 0.83 0.06 0.11 0.51 0 0.49
18 0.22 0.72 0.06 0.07 0.93 0

4.3 Model Validation

In order to validate the proposed decision-making process (see Section 3.1)
which is a part of real-time planning, we compared its results to the path
selection decisions that humans made during the evacuation planning as shown
in Table I. Each column of table i represents the probability that the path was
selected by the human subjects (actual decisions from the human-in-the-loop
experiment as described in Section 4.2) and the probability assigned to the
path by the proposed model (simulation). For example, the first row of the
Actual Decision column depicts that path1, path2, and path3 at intersection 1
were actually selected with probability 0.15, 0.75, and 0.1, respectively. if we
compare the path having the highest probability in the simulation and the path
selected most often by the subjects, the proposed model selected the same path
as the subjects at 15 out of the 18 intersections. In other words, the proposed
model selected the same decision as the actual human subjects about 83% of
the time.

4.4 Simulation Results

Using the crowd simulation model that we constructed, we conducted various
experiments to test the impacts of several factors (e.g., demographics, number
of police officers, number of leader agents) on evacuation performance (e.g.,
average evacuation time). Figures 11 and 12 depict impacts of the number
of police officers and the number of leaders, respectively. In Figure 11, the
number of police officers increases from 10 to 100 with a step size of 10. In
each simulation, 20 replications were conducted with 400 commuter agents
and 100 novice agents. The average evacuation time of novice agents (travel-
ers) was observed to decrease about 1 minute (25%) as the number of police
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Fig. 10. VR model in Google SketchUp.

officers increased from 10 to 100. Reducing the average evacuation time by
1 minute in an emergency situation can save many lives. The average evac-
uation time of commuter agents, however, does not decrease much compared
with that of the novice agents. This is because information from the police
officers provides the travelers with new knowledge they did not have before,
but it is only used by the commuters to complement/correct their knowledge/
judgment.

Similarly, Figure 12 depicts the impact of the number of leaders (increased
from 10 to 200 with a step size of 10) on average evacuation time. Each simu-
lation, involving 400 commuter agents and 100 novice agents, was replicated
20 times. In order to eliminate the police effect in this experiment, the agents
are configured to notice the explosion right after it occurs and start to evac-
uate. This configuration results in smaller evacuation times compared with
the results in Figure 11. The results in Figure 12 reveal that an increase in
the number of leaders from 10 to 200 reduces the agents’ evacuation time an
average of about 30 seconds, which is critical in an emergency situation. In
addition, the results are consistent with our intuition that commuters have
less dependency on leaders than do travelers, as they usually have a higher
confidence index than travelers, and agents start to act as followers if their
confidence index is low. It is noted that the simulation is flexible, so it can be
used to test impacts of other factors (e.g., impact of information sharing via
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Fig. 11. Impact of number of police officers on the average evacuation time and 95% confidence
interval.

Fig. 12. Impact of number of leaders on the average evacuation time and 95% confidence interval.

speakers or text messaging) on various other security metrics (e.g., percentage
of casualties).

5. CONCLUSION AND FUTURE RESEARCH

In this research, we proposed promising techniques to realize each submodule
of the extended BDI architecture. The techniques employed in this research
were selected to represent the characteristics of the corresponding steps of the
human decision-planning and decision-making process under selected emer-
gency evacuation scenarios. Successful implementation of these techniques
allowed the extended BDI architecture to be used to mimic human behav-
iors even in complex situations. Furthermore, the proposed techniques and the
extended BDI framework were demonstrated using agent-based simulation,
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which provided various dynamic environments. The simulation we developed
allowed us to simulate and observe crowd behaviors under evacuation scenarios
with various conditions. The proposed simulation has the potential to allow the
responsible governmental and law-enforcement agencies to evaluate different
evacuation and damage control policies beforehand, which in turn would help
them to execute the most effective crowd evacuation scheme during an actual
emergency situation. As part of this research, we conducted human-in-the-loop
experiments using a virtual reality system to collect data regarding more real-
istic human behaviors. Currently, the learning effect of agents is not considered
but is left as future work. Through the learning process, we can represent how
behaviors of a novice agent become closer to those of commuter agents.
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