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Abstract: Airports are attractive targets for terrorists, as they are designed to accommodate and
process large amounts of people, resulting in a high concentration of potential victims. A popular
method to mitigate the risk of terrorist attacks is through security patrols, but resources are often
limited. Game theory is commonly used as a methodology to find optimal patrol routes for
security agents such that security risks are minimized. However, game-theoretic models suffer
from payoff uncertainty and often rely solely on expert assessment to estimate game payoffs.
Experts cannot incorporate all aspects of a terrorist attack in their assessment. For instance, attacker
behavior, which contributes to the game payoff rewards, is hard to estimate precisely. To address this
shortcoming, we proposed a novel empirical game theory approach in which payoffs are estimated
using agent-based modeling. Using this approach, we simulated different attacker and defender
strategies in an agent-based model to estimate game-theoretic payoffs, while a security game was
used to find optimal security patrols. We performed a case study at a regional airport, and show
that the optimal security patrol is non-deterministic and gives special emphasis to high-impact areas,
such as the security checkpoint. The found security patrol routes are an improvement over previously
found security strategies of the same case study.
Keywords: agent-based modeling; patrolling games; security game; airport security; empirical
game theory

1. Introduction
Ever since the attacks on the World Trade Center, 11 September 2001, airports have significantly
enhanced security operations, procedures, and checks. However, not only has security improved,
but also terrorists have adapted their way of acting. The START database for terrorism attacks shows
that many incidents related to aviation have occurred in recent years [1]. The Brussels and Atattürk
Airport attacks (2016) are two prime examples of this. They illustrate a recent terrorist threat where
publicly accessible areas of airports are the target of attack. Protecting these targets, where many
people move freely, is a challenging task for security agencies because attackers do not have to face
passenger or carry-on luggage checks. Additionally, limited security resources make it extremely
difficult to track a terrorist in a crowded scene.
Airport security patrols are an effective method to defend against these types of attacks. However,
security resources are often scarce, preventing full coverage of all targets at all times. Security patrol
routes, therefore, must be intelligently deployed by taking into account differences in the importance
of targets, different attack threats, and potential uncertainty over the types, capabilities, knowledge,
and preferences of attackers faced.
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Game-theoretic analysis has emerged as a powerful tool to provide optimal decisions in the
security domain. Game theory provides a mathematical framework to study interactions between
strategic and self-interested agents who maximize the effectiveness of their actions. This makes
it is appropriate to model adversarial reasoning for security resource allocation and scheduling
problems [2].
One application of game theory is in the domain of security resource allocation and scheduling,
included in a research area known as security games. These have shown to be successful in solving
real-world security problems in which security officers deploy limited resources to protect important
infrastructures against human adversaries [3–7]. A security game is a two-player game between a
defender and an attacker. The defender wants to allocate her (the attacker is, following convention,
referred to as “he” and the defender as “she”) limited resources to defend critical targets, while the
attacker seeks his most favorable target to attack. Each player has a set of available actions associated
with a particular payoff (also known as utility), based on the outcome of the corresponding choices
within the game. Payoffs are the reward and penalties to both the defender and the attacker in a
successful or an unsuccessful attack.
Commonly, game-theoretic models rely only on expert knowledge to estimate payoff values.
However, these are hard to estimate, since uncertainty is intrinsic to real-world security domains.
It is, therefore, difficult for a security expert to properly estimate payoff values for different
defender–attacker interactions. Moreover, exclusive reliance on human expert assessment can be
expensive, prone to human biases and restrictive [8].
Agent-based modeling and simulation is a promising technique to address this challenge of
estimating payoffs. Agent-based models consist of a set of autonomous and intelligent agents who can
perceive their environment and interact in the environment to solve problems, achieve goals or execute
tasks. Agent-based models are particularly suitable to represent socio-technical systems, such as
airports [9]. Considering an airport terminal environment, it allows the specification of different agents,
such as airport operational employees, passengers, security officers, and an attacker agent, who are
able to perceive all processes happening around them and interact with each other to achieve their
individual goals.
Through simulations, it is possible to identify emergent patterns and relations that are not
explicitly coded in the model. One example of an emergent property is the vulnerable areas in an
airport terminal where an attack can lead to many casualties. The identification of these vulnerable
areas is of crucial importance as it indicates patrol areas where security should be reinforced.
The goal of this work is to improve the payoff matrices in security games, by using agent-based
model results to define them. Although many security studies have focused on either agent-based
modeling [10,11], or security games [3,12], combining both approaches to improve security-game
payoffs has not been addressed. To this end, we investigate a scenario in which an attacker aims
to detonate an improvised explosive device (IED) on a publicly accessible area of a regional airport,
while security agents execute patrol routes in the airport terminal. We use an agent-based model to
determine the number of casualties of a terrorist attack and use these results to specify payoffs in a
security game. This security game is then used to determine the patrol route of security officers that
minimizes the expected number of casualties in a terrorist attack.
This paper is organized as follows. In Section 2, we discuss relevant related work, and in Section 3
an overview of the case study is provided. Then, Section 4 provides an overview of our novel
methodology, while Section 5 explains the proposed model in detail. The discussion of the simulations
results is presented in Section 6, and, lastly, Section 7 concludes this paper.
2. Related Work
This section provides an overview of relevant work in the domain of airport security, security
games and agent-based modeling.
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2.1. Airport Security
Airport security is driven by rules and guidelines defined by different organizations. For instance,
the European Union has formalized airport regulations in its laws [13,14], the United States has
the Aviation and Transportation Security Act [15], and the ICAO provides a security manual [16].
These rules and regulations form the basis for the implementation of the different security measures at
airport terminals.
One of the most important measures that are implemented at airport terminals are security
checkpoints [17,18]. At security checkpoints, dangerous items are confiscated from passengers
to reduce the risk of a terrorist attack involving aircraft. This is done using a combination of
random checks (i.e., explosive trace detection), and targeted searches based on sensor readings
(i.e., walk through metal detector). This combination of random checks and targeted searches makes
it difficult for attackers to predict and therefore sabotage the security checkpoint.
These security checkpoints, however, lead to large groups of passengers accumulating in queues
in the open airport areas. These queues have recently become targets of terrorists, such as the Brussels
and Atattürk Airport bomb attacks. They have the potential for a high number of casualties and are
accessible without going through the security checkpoint.
Regardless of the location of the security checkpoint, these soft targets in front of security
checkpoints remain an issue for airports. They have therefore turned to security officers that patrol
around the airport to identify and arrest potential terrorists. Security patrols are an effective method
to defend against terrorist attacks, but they cannot fully cover all targets at all times. We, therefore,
turn to security games to design effective random patrol routes to reduce the risk of a terrorist attack
as much as possible.
2.2. Security Games
Security games have emerged as an important research domain in multi-agent systems.
Over recent years, game-theoretic models have been deployed in many real-world applications:
canine-patrol and vehicle checkpoints at the Los Angeles International Airport [3], allocation of US
Federal Air Marshals to international flights [5], US Coast Guard patrol boats [6], and many others [4,7].
Security games are often formulated as a Stackelberg game. A Stackelberg Security Game assumes
a leader (defender) and a follower (attacker). The defender must protect a set of targets as well as
possible, using limited resources. The attacker aims to maximize the impact of its attack. In these
games, it is assumed that the defender first commits to a (possibly randomized) security policy,
while a strategic attacker uses surveillance to learn and create beliefs about the defender’s strategy.
After careful planning, the attacker selfishly optimizes its payoff, considering the policy chosen by
the defender. The outcome of such a game is an equilibrium: a combination of strategies in which
both players’ strategies are best responses to each other, i.e., cannot improve their payoff by changing
their strategy.
A strategy can be of two types: pure strategies or mixed strategies. A pure strategy of an agent is
one of the agent’s actions, which is selected with certainty. A mixed strategy is a probability distribution
over the set of actions. A mixed strategy allows for randomization which is critical in security domains
as it avoids the vulnerability that comes with predictability associated with human-designed schedules.
Humans are unable to produce a completely random set of events, leading to potentially predictable
patterns that may be explored by an intelligent attacker [19].
Relevant to this work are papers that focus on security scheduling and allocation to prevent
the attacker from exploiting a particular gap in the defender’s patrol. One relevant application
was introduced by Pita et al. [3], who computed optimal schedules that randomized road security
checkpoints and terminal canine patrols. In that work, Pita et al. specify the patrolling problem
as a Bayesian Stackelberg game, allowing the agent to appropriately weigh the different actions in
randomization, as well as uncertainty over adversary types. However, that work did not explicitly
consider spatio-temporal aspects, assuming that the attacker chooses a target to attack and is
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automatically at that location, without considering the time it takes to reach it. Moreover, the attacker
agent could only be arrested at a target, while in real-world scenarios he can also be caught in his path
from the airport entrance towards his target.
Furthermore, Prakash et al. [20] employed an empirical game theory approach. This empirical
approach uses a simulation engine to model the domain area and then uses this to specify game payoffs.
This methodology is similar to the one proposed in this paper, but instead of using agent-based
modeling to estimate the game payoff values, the authors use standard event-based simulation
models for the same purpose. Agent-based modeling is capable of characterizing socio-technical
systems, including the representation of agents’ behavior and interactions which is impossible using
the methodology of Prakash et al. Furthermore, their work focused on the domain of cybercrime,
which has several differences from the airport security domain. There is a growing body of theoretical
work in the field of empirical game theory, of which the work of Wellman et al. [21] and more recently
the work of Tuyls et al. [22] are examples. Despite being important theoretical contributions, these do
not consider human behavior and interactions and are not specific for security problems.
Other notable work is in the area of spatio-temporal security games, also known as patrol planning
games. Generally, these games are played on graphs where targets are nodes and a patrol strategy is
a vector consisting of defender’s positions at each point in time. This approach captures the spatial
evolution over time, i.e., correlates one position at time t to another position at time t + 1. Applications
range from robotic patrols [23] to green security games [24], and protection of major infrastructures such
as airports [6,25]. Fang et al. [26] focuses on protecting mobile targets, which results in a continuous
set of strategies for the agents. Motivated by the domain of ferry protection, Xu et al. [27] developed a
model to solve spatio-temporal games with weighted moving targets.
A recent relevant work in the domain of spatio-temporal game theory was introduced by
Zhang et al. [28]. Zhang focuses on finding optimal randomize patrol strategies in a chemical cluster.
In that work, potential targets are represented as nodes of a patrolling graph. The security surveys
different areas by traveling in the graph and staying a certain amount of time at each node when
patrolling that target. The main contribution of Zhang’s work is that an optimal patrol schedule does
not correspond to a randomized fixed patrolling strategy (fixed set of different positions over time),
but rather to a set of transition probabilities between nodes of the patrolling graph. In other words,
their patrol schedule represents the probability that the defender performs a certain movement. Due to
these advantages, we will use the work of Zhang et al. as a basis for our case study.
Despite being a field with many real-world successful deployments, security games also face
multiple challenges. Those include bounded rationality [29,30], uncertainty arising due to human
dynamic behavior [31,32], and learning in security games, with a special emphasis on reinforcement
learning to identify the best defender strategy against an adaptive opponent who is able to observe
defender’s behavior, learn and adapt to best respond to it [33]. To partially overcome these limitations,
we use agent-based modeling to define payoffs in security games.
2.3. Agent-Based Modeling
Agent-based modeling is one of the most prominent approaches to study the performance of
complex adaptive multi-agent systems [34]. Complexity can be interpreted as non-linear interactions
between agents (or agents with the environment), leading to unexpected emergence patterns.
Agent-based modeling provides a bottom-up approach to build socio-technical systems with
autonomous and intelligent agents who can perceive their environment and interact in the environment.
Using agent-based models, multiple scales of analysis and multiple types of adaption and learning
mechanisms can be incorporated, which is not straightforward with other modeling techniques.
Additionally, it can be used to explicitly represent spatio-temporal elements of agents and the
environment, which allows for a better representation of dynamic and uncertain systems.
Noteworthy work in the aviation sector includes the work of Weiss et al. [10], who developed an
agent-based model for airport defense, and the work of Cheng et al. [35] who created an agent-based
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model to evaluate the effect of group dynamics on passenger flow during an evacuation in an airport
terminal. Moreover, Janssen et al. [9] introduced a novel agent-based methodology combined with
Monte Carlo simulations for security risk assessment. In that work, security agents aimed to detect
forbidden items in passenger’s luggage while being under constant time pressure.
A recent relevant work in the domain of agent-based modeling was proposed by Janssen et al. [11].
The authors developed an agent-based model to study the relationship between security and efficiency
in a regional airport terminal. It focuses on a scenario where an attacker aims to detonate an IED in a
publicly accessible area of a regional airport while considering efficiency indicators such as queuing
time for passengers, among others. This work offers a promising methodology to investigate airport
security and efficiency. We use the work of Janssen et al. in our case study, as described below.
3. Case Study
This section describes the system, operational context, and scenarios under study. We study a
scenario in a regional airport terminal, where a security officer patrols around four identified targets:
an entrance area, two check-in areas, and a checkpoint area. We focus on a threat scenario in which
a bomb attack in the publicly accessible areas of our regional airport terminal occurs. Based on this
threat, 20 attacking scenarios are modeled varying in the period of 25 min with a 5 min increment per
scenario (e.g., an attacker entering the airport within the first five minutes, . . .). For each attack time
interval, the attacker selects one of the four identified targets to attack. That period was chosen to
enclose all the attacks that may happen within the first 30 min since the attacker takes time to move
from the airport entrance to the selected target.
Figure 1 illustrates the airport open publicly accessible area analyzed in this case study. The focus
of our study is on airport terminal patrols, which includes processes such as check-in, facility visits,
security checkpoint operations, queuing, gate processes, movement of passengers between these
operations, and movement of security officers around the airport terminal. Using our empirical game
theory methodology, as described below, we aim to determine the most effective patrolling route for a
security officer in the airport terminal.

Figure 1. Airport layout of the open publicly accessible areas considered in this case study,
with indicators for different targets. 0: Entrance area, 1 and 2: Check-in areas, 3: Security checkpoint
area. For the full airport layout, refer to [11].

4. Methodology
The main aim of our work is to decrease uncertainty in game-theoretic payoff structures by
estimating them using agent-based simulation results. There is a significant need to address uncertainty
in both players’ rewards, since key domain features like attacker behavior, which contribute to these
rewards, are hard to estimate exactly by experts alone. Hence, this methodology improves on the
game-theoretic payoff structures which often rely only on expert assessment. To accomplish this goal,
we propose the following methodology, graphically shown in Figure 2.
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Figure 2. Step by step methodology followed in this work. Note: ABM refers to agent-based modeling
and GT refers to game theory. Dark gray boxes correspond to the GT model (Step 2 and 5). White boxes
correspond to the agent-based model (Step 1 and 3). The light gray box represent the interaction
between the agent-based model results and the game-theoretic payoff function.

First, we define the agent-based model. Every agent-based model requires the definition and
modeling of three key entities: agents, their environment and interactions between agents and agents
with the environment. In this work, we extend the model of Janssen et al. work [11]. This model was
chosen as a starting point since most airport terminal processes along with the strategic, tactical and
operational behavior of passengers, defenders, and an attacker was modeled.
An initial evaluation of the agent-based model was performed to analyze how the airport system
behaves in different scenarios. This helped to gain knowledge of critical areas with the highest
agglomeration of passengers where an attack could have hazardous effects in terms of impact
(human casualties). Those were deemed as potential targets. Using this information, 20 different threat
scenarios (see Section 3) were modeled for the IED threat. The outcomes of the agent-based model
simulations will later be used to specify game-theoretic payoffs.
The specification of a game-theoretic model consists of the definition of the players involved in the
game, specification of the mathematical model constraints and assumptions, and the solution concept
to find an equilibrium solution for both players. In this paper, we follow the model of Zhang et al.
work [28]. Zhang defines a game-theoretic model aiming to select random, but strategic security
patrols in a chemical cluster. This model is used, as it is a spatio-temporal game, where the set of
actions available for each agent takes into consideration both spatial and temporal conditions. This is a
crucial requirement in security domains since a terrorist attack can happen anytime and anywhere.
Security patrols should also be spatio-temporal, rather than only spatial, since the security officer
can only detect an attacker if he is both in observation range and there is a time overlap between the
attacker intrusion and the security patrol. Furthermore, this allows security officers to take different
actions at distinct points in time, rather than following a predefined optimal fixed patrolling strategy.
This is a great advantage as it enables better patrol randomization. The model assumes perfect rational
players, i.e., reward maximizers whose strategies are best responses to each other.
The next step is to integrate both methods, which forms the core of our methodology. This step
starts by generating the agent’s strategies that will be simulated in the agent-based model and how
they are translated to the player’s set of actions in the game framework. These actions in our model
consist of security patrols in the airport terminal for the defender, as well as attacks at distinct times
and targets for the attacker. Each attacker–defender strategy pair is modeled and simulated in the
agent-based model so that payoffs for each combination of actions are generated.
Once all attacker and defender strategy combinations are simulated, the agent-based model
outcome is computed. This output is defined as the average number of human casualties after an IED
attack. This is then used as an input to define payoffs for the players in the game. The key contribution
of this paper is embedded in this step, where game-theoretic payoff matrices are enhanced with data
generated by an agent-based model capable of simulating real-world events, rather than relying only
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on expert assessment. In this way, more objective and more robust payoff structures are incorporated
in security games.
The last step of the integration process consists of solving the game (i.e., finding an equilibrium)
and generating optimal strategies for both players. These results indicate the set of actions that
should be taken at each time step by both players. Moreover, the optimal payoff values are computed.
The proposed methodology ends with the evaluation of the optimal solution. This is done by simulating
the (probabilistic) optimal defender–attacker strategy pair in the agent-based model. The resulting
agent-based model metrics are gathered and used as input to compute the payoff values for both
players. These are compared to the ones obtained initially after solving the game to confirm that the
game-theoretic solution strategies are optimal.
5. Models
This section describes the agent-based model, the game-theoretic model and the integration of the
two models. This corresponds to the first four steps of the methodology.
5.1. Agent-Based Model
The agent-based model environment consists of a regional airport terminal including physical
objects (wall and desks), an IED (defined by its location, number of particles and mass), terminal
areas (check-in, checkpoint, queuing, gate, facility and entrance area) and flights [11]. The outline of
the terminal building is shown in Figure 1. Agents cannot obtain complete, accurate, up-to-date
information about the environment’s state, because it is limited by their observation range.
Hence, the environment is partially accessible.
The agent architecture has three different layers: Strategic Layer, Tactical Layer and Operational
Layer. In each layer, there are different modules responsible for the execution of specific actions.
The Operational Layer comprises a perception module that is responsible for the agent’s observation
and an actuation module that executes actions and communications between agents. The Tactical Layer
consists of a belief module that maintains beliefs based on observations, actions, and internal states.
This layer is also responsible for the navigation and activity accomplishment. Lastly, the Strategic
Layer is responsible for a higher-level belief and for generating a plan: an ordered sequence of activities
to be carried out by the agent.
All passengers, security agents, operational employees, and the terrorist attacker are represented
by agents. Below the main characteristics of these agents are summarized. A full description of this
model can be found in [11].
5.1.1. Operational Employee
Operational employees communicate a wait request to passengers when they are in their
observation range. These waiting requests can be communicated to passengers completing check-in or
checkpoint activities.
5.1.2. Passenger
Passengers are described by airport arrival time, level of disorientation, the suitability of their
luggage, whether they checked-in already, and if they are a facility visitor. For now, it suffices to
state that the level of disorientation refers to how confused the passenger arrives in the airport,
while suitability of luggage attributes how well the luggage of the passenger fits with their appearance.
These properties are associated with real numbers and are important indicators used in the SPOT
program of the TSA [36]. In that procedure, security officers assign points to passengers to evaluate
their danger to the airport: if the points accredited to a certain passenger surpasses a threshold,
a secondary screening is performed. Passengers can complete different activities, namely: check-in,
checkpoint, facility and gate activity.
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5.1.3. Attacker
The attacker is a human agent like any other passenger and hence shares the same characteristics.
However, he has one unique goal: to cause as many human casualties at the airport as possible.
To achieve this objective, the attacker agent carries an IED that he intends to detonate. This activity
consists of three phases: target selection, movement to target and execution of the attack.
This paper extends the model of Janssen et al. by modeling different attacking scenarios based on
an IED threat. Thus, in the first phase, the target selection is deterministic, meaning that the attacker
has already selected a target to attack (from the set of 4 available options) before entering the airport.
This approach implements a common assumption in security games where the attacker is assumed to
have identified a breach/weakness in the security schedule through long term observation. Therefore,
the attacker already knows when and where to execute his attack. In the second phase, the attacker
moves from the airport entrance to the target. On his way, he might be observed by a security officer
resulting in one of two events. With a probability p arrest , the attacker is arrested and is not able to
execute the attack, and with a probability of 1 − p arrest he detonates the IED on the spot. Alternatively,
the attacker is not observed and continues moving towards the target, where the last phase starts.
Once he reached that area, the attacker detonates the IED.
5.1.4. Security Patrolling Agent
A security patrolling agent can observe physical objects, passengers, and attackers in her
observation radius and line of vision. The security patrolling agent has a set of strategies corresponding
to patrols around the airport which she follows.
During a patrol, the security officer randomly chooses an agent within her observation range,
to evaluate whether it is an attacker or not. This evaluation lasts for a certain period and is performed
according to the SPOT program described previously. When the points assigned to the observed agent
exceed a specific threshold, the security officer will try to arrest the agent. If the agent is a passenger,
the passenger is arrested and they both leave the airport. On the other hand, if the agent is an attacker,
the security agent may arrest the attacker with a probability of p arrest . If the security agent successfully
arrests the attacker, the IED is not detonated. Alternatively, the attacker detonates the IED on the spot.
5.2. Game-Theoretic Model
We explain the spatio-temporal game of Zhang et al. [28], by describing the different components
of the game. The game of Zhang et al. is a graph game, so we first translate the airport terminal layout
to a graph. Based on this graph, we then specify the patrolling graph. This patrolling graph describes
the possible actions and strategies of the defender.
Then, the time discretization scheme, the players in the game, and their set of actions and rewards
are discussed. Finally, the solution concept is explained, along with the method to find equilibrium
solutions. This section explains the theoretical basis of the game, while Section 5.3 later specifies how
we applied this to our case study.
5.2.1. Airport Graph
The airport terminal is described by a graph G (V, E) where |V | represents the number of vertices
and | E| the number of edges, shown in Figure 3. Targets are modeled as vertices whereas the path
between those is modeled as edges. Two important parameters are considered: time to move between
targets and time to patrol a target. The time to move between targets (i.e., edge length) is constrained
by the airport layout, whereas a target patrolling time is determined by the target importance for
security purposes. Targets where a higher density of passengers is expected need to be patrolled
more thoroughly.
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Figure 3. The graph model G (V, E) of the airport terminal. The targets correspond to the targets as
shown in Figure 1.

5.2.2. Patrolling Graph
Based on the airport graphic model, a patrolling graph G p (Vp , E p ) is generated. A basic example
of such a graph is graphically illustrated in Figure 4. In this figure, we show two reference strategies
for the security agent. In both cases, the security agent starts her patrol at T0 at time 0. At this moment,
she has two possible choices: either to move to T3 (blue arrow) or stay at T0 (red arrow). If the defender
chose to move to T3 , then she only has one option available: patrol T3 for two time units. On the
other hand, if the defender stayed in T0 previously, her choices are confined to moving to T1 , and then
staying there for one time unit. Finally, the security agent terminates either patrol strategy by moving
to T0 at time 3. These are just two representative examples of defender’s strategies to illustrate the
definition of a strategy, but there are many more possible strategies in this example.
Target 3
Target 2
Target 1
Target 0

0 1 2 3 4 Time

Figure 4. Two example strategies in a reduced version of the patrolling graph of the game. The actual
patrolling graph contains nodes with corresponding times up to 1000 s.

A node in G p is defined by a tuple (t, i ), where t ∈ [0, tmax ] specifies the time and i ∈
0, 1, . . . , |V | − 1 represents a node in the airport graph G (V, E). An edge from node (t1 , i1 ) to (t2 , i2 )
represents an action of the security agent where she moves from i1 at time t1 and arrives at i2 at time
i
t2 . A deterministic patrol strategy is a sequence of edges denoted as e1p , . . . , e N
p , where e p ∈ E p is a
patrolling edge, and N refers to the length of the patrolling graph, i.e., to the last patrolling edge.
These patrolling graph edges have to comply to three requirements: (i) the in-degree of the start node of
i
i +1
e1p is zero; (ii) the out-degree of the end node of e N
p is zero; (iii) e p and e p are connected, which means
that the end node of eip is the start node of eip+1 .
5.2.3. Time Discretization
The time dimension is discretized into equal time slices with the length of each time slice
representing a second, with a total of tmax times. It is assumed that the security patrolling time
and traveling time can only start at integer values of the time axis. The attacker can only start his attack
at the beginning of each time slice as well. An attack lasts for a different amount of time depending on
the target since the attacker takes different time from the airport entrance towards the target. Using this
discretization scheme, it is possible to list all attacker strategies.
5.2.4. Players
The model considers a two-player game between a security agent (defender/leader) and a
terrorist (attacker/follower), where both players are assumed to be perfectly rational. Consequently,
both players are payoff maximizers. It is assumed that the attacker can gather information about the
security patrol by long term observation, and the game is, therefore, a Stackelberg game.
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5.2.5. Strategies
The strategies for both the defender and the attacker are introduced below.
Defender
At each node of the patrolling graph G p , the defender can choose to examine that target or move
to an adjacent node. These choices are described as edges in G p . In this way, we define the security
agent’s strategy sd as a set of probabilities of transitions between nodes in the patrolling graph G p .
sd =

∏

c vi − v j

(1)

(vi ,v j )∈ E p

where cvi −v j specifies the probability of transition between node vi ∈ Vp to node v j ∈ Vp , and ∏
represents the Cartesian product of all edges in G p (i.e., all (vi , v j ) ∈ E p ).
Attacker
An attacker’s pure strategy s a is defined by a target to attack and a time to start the attack.
s a = (t, i )

(2)

where t ∈ [0, . . . , tmax ] represents the attack start time and i ∈ { T0 , . . . , T3 } denotes the airport target.
Furthermore, the attacker is constrained to attack only one target, i.e., play a pure strategy.
5.2.6. Payoff
Payoffs are provided after every transition between nodes. Equation (3) gives an example of the
defender payoff function.
Ud = R1 × c1 + . . . + R N × c N
(3)
Each element Ri contains the payoff value associated with a particular transition between nodes
ci in the patrolling graph. The specific definition of these variables in our case study will be explained
in Section 5.3.2.
R N and c N denote the payoff value associated with the last transition between nodes. This may
lead to transitions between nodes that do not produce any outcome in the agent-based model. In this
case, the payoff value associated with those transitions is assumed to be zero for both agents.
The reward value is defined based on a particular outcome arising from the agent-based model:
the average number of human casualties for each transition between nodes of the patrolling graph G p .
Section 6 elaborates further on the reward structure outlined in this paper. The game is defined as a
zero-sum game, hence the attacker reward Ua = −Ud .
5.2.7. Solution Concept
To find an equilibrium solution, the model employs the concept of Stackelberg equilibrium
(s∗d , s∗a ) = (~c∗ , (t∗ , i∗ )) that meet the following constraints:

(t∗ , i∗ ) = argmax(t,i)∈Sa u a (~c, (t, i ))

(4)

c~∗ = argmax~c∈Sd ud (~c, (t∗ , i∗ ))

(5)

As in all Stackelberg Security games, the defender (leader) first commits to a patrolling strategy
~c, while the attacker (follower) can observe the defender’s strategy and acts optimally according to
it (Equation (4)). The security officer can also determine the attacker’s optimal solution, hence she
choose her strategy optimally as well (Equation (5)). Since the player’s reward functions are linear
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polynomials of ~c, a multiple linear programming algorithm can be used to compute the Stackelberg
equilibrium solution.
In the first step, u a and ud are initialized for each attacker strategy. Then, a linear programming
algorithm can be formulated, as shown below.
•

Objective Function:
Max~c∈Sd ud (t# , i# , ~c)

•

Constraints:

∑

∑

cin−Vp =

in∈{s∈Vp |(s,Vp )∈ E p }

(6)
cVp −out

(7)

out∈{e∈Vp |(Vp ,e)∈ E p }

∑

croot−out = 1

(8)

out∈{e∈Vp |(root,e)∈ E p }

u a (t# , i# ) ≥ α + u a (t, i ), ∀(t, i ) ∈ Sa

(9)

u a = −ud

(10)

where in, s, e, out and root refer to nodes of the patrolling graph G p , α is a small positive number
and Sa (Sd ) is the strategy set of the attacker (defender). The root nodes represents a target where
the security officer starts her patrol shift. Constraint 7 illustrates a property of probabilities cs−e
that for each intermediate node (node with both income and outcome edges) of G p the sum of all
income probabilities must equal the sum of all outcome probabilities. Constraint 8 describes a
second property of probabilities cs−e that the sum of probabilities going out from the root node
equals 1. This means that the defender starts at the root node and must perform an action on what
to do next. Constraint 9 assumes that the attacker strategy u a (t# , i# ) is the attacker optimal strategy.
Moreover, α ensures that this model does not rely on the “breaking-tie” assumption, but it is still
optimal. The breaking-tie concept assumes that when the follower (attacker) is indifferent on
payoffs by playing different pure strategies, he will play the strategy that is preferable for the
leader (defender). Lastly, constraint 10 defines a zero-sum game. The Stackelberg equilibrium is
found by getting the arguments (~c, (t, i )) for which Equation (6) is maximum.
5.3. Integration of Agent-Based Results as Game-Theoretic Payoffs
Our integration of agent-based modeling and game theory is accomplished in three sequential
steps. First, both the security and attacker strategies are generated, followed by the specification
of game payoffs using agent-based model results. The last step consists of generating the optimal
strategies for both players.
5.3.1. Generate Agents’ Strategies
The first step of the integration module starts with the generation of the defender and attacker
strategies. We discuss each of them individually below.
Defender Strategy
Given the chosen time discretization of 1 s, the set of strategies for the security agent is defined as
follows. The airport entrance hall is regarded as the root node from where each patrol starts and ends.
Following the airport layout (see Section 3), the security agent can only move to adjacent nodes.
Once the security agent reaches a certain target, she stays there for a given period (patrolling time)
which differs from target to target. The reasoning behind this choice was to distinguish between targets
that are more security-critical to the airport. For example, a successful attack in an area with a higher
density of people can lead to more human casualties, thus that target should be better monitored.
The patrol times as used in this work are shown in Table 1. These are based on initial experiments
with the agent-based model and expert input. To include uncertainty related to disruption on security

Aerospace 2020, 7, 8

12 of 22

patrols, the time spent at the targets is according to a Normal distribution. When the patrolling time
has passed, the agent must move to another adjacent node.
Table 1. Patrolling time for each target in seconds. Normal distributions are characterized by their
mean (first parameter) and the standard deviation (second parameter).
T0

T1 &T2

T3

N (60, 30)

N (240, 30)

N (360, 30)

Using the layout of the airport graph (see Section 3), and the patrolling times of Table 1,
we generated all possible deterministic patrolling strategies that can be executed within 1000 s.
By performing a brute force search, we identified a total of 66 different patrol strategies that fit
these criteria. This corresponds to a total of 596 different patrolling graph edges (movements).
Attacker Strategy
We considered 20 actions for the attacker. These actions have a five-minute interval uncertainty,
for a period of 25 min for each of the identified targets (T0 , . . . , T3 ). The attacker agent may be caught
in his path towards the target, even if both the security agent and the terrorist agent are not in the
same area, but the latter is within the observation range of the former. This is a closer representation
of reality than the standard game-theoretic formulation, as security officers can observe further than
just their current target. This ensures that more realism is included than would be possible in the
game-theoretic formulation alone.
5.3.2. Specify Payoffs Using Agent-Based Results
After generating the set of strategies for both agents, the next step is to specify the payoffs based
on the agent-based model outcomes obtained from the previous step. As mentioned above, we focus
on the average number of human casualties.
The number of casualties is estimated as follows. For each attacker and defender strategy,
a consequence function that assesses the number of human fatalities is calculated for the simulated
threat scenario. This function is used to determine the consequences for a simulation run of our
agent-based model. Monte Carlo simulations are executed to evaluate the average number of casualties
based on a set of N simulation runs. This average number of casualties corresponds to the conditional
risk Rc , as defined in the work of Janssen et al. [11].
Following the generic payoff function specified in Section 5.2, first, we define ~R as the average
number of casualties for each transition between nodes. Fi refers to the average number of casualties
obtained when the defender performs the movement corresponding to the probability that the defender
performs move i, denoted as ci . Equation (11) shows the used payoff function.
d
Utarget,time
= −(F1 × c1 + . . . + F596 × c596 )

(11)

The final game-theoretic model consists of 11,920 payoff values generated from the combination
of 20 different attacker options and 596 security patrolling movements.
The above payoff function uses different F values for each attacker strategy combination.
Therefore, 20 different payoff functions were defined U0,0 , . . . , U3,4 for each player. The target index
varies from 0 (T0 ) to 3 (T3 ). The time index varies from 0 (attack enters the airport within the first
5 min) to 4 (attack enters the airport between the 20 to 25 min). Moreover, the defender’s reward has a
negative sing to penalize her for each human fatality. We assumed a zero-sum game; thus, the attacker
reward has the opposite value of the defender.
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5.3.3. Verification of Optimal Strategies
In the last step of our methodology, we generate the optimal attacker and defender strategy using
the generated payoff values. These optimal strategies are simulated in the agent-based model and the
outcomes of this simulation are compared to the ones obtained with the initial simulation assessment.
The results are expected to be similar to positively verify the optimal game-theoretic solution. It is
important to note that this does step does not correspond to validation. Validation of the strategy can
be done using real-life tests, but is known to be difficult in practice [37,38].
6. Experiments and Results
Experiments performed with the above model are described in this section. First, the agent-based
model experimental setup and results are described. Then, game-theoretic results are shown. Both the
game-theoretic rewards are detailed along with the Stackelberg game solution for a generated security
probabilistic patrol route and a fixed patrol route. Finally, the optimal strategies obtained for a
probabilistic patrol route are subjected to evaluation.
6.1. Experimental Setup
The agent-based model contains a set of parameters in the experiments, of which the important
ones are shown in Table 2. Apart from the number of simulations runs N, the parameters in this table
were calibrated by Janssen et al. [11]. Additional parameter values of the model may be found in
that work as well. It is important to note that all flights are defined with the same departure time,
as commonly happens at regional airports. The model was implemented in the AATOM simulator,
a Java-based open-source agent-based airport terminal operations simulator [39].
Table 2. Agent-based model parameters.
Parameter

Value

Simulation parameters
Simulation runs

500

Airport and flight parameters
Flight departure time
Number of flights
Number of open checkpoint lanes
Number of open check-in desks

7200 s
3
2
3

Agents parameters
Proportion passengers check-in
Check-in time
Checkpoint time
Observation radius
Security arrest probability

0.5
Norm(60,6) s
Norm(45,4.5) s
10 m
0.8

The number of simulations required to obtain a proper estimate of the distribution of the model
output was determined based on the coefficient of variation. Figure 5 shows the coefficient of variation
for two different attacker–defender strategy pairs. It shows that the coefficient of variation tends to
stabilize between 300 and 400 simulations. Consequently, the number of simulations N was set to be
500 to ensure a proper estimation of the model output for all attacker–defender strategy pairs.
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Figure 5. Coefficient of variability varying with the number of simulation runs.

6.2. Agent-Based Model Results
Table 3 shows a selected subset agent-based results associated with a particular defender transition
between two nodes of G p (i.e., a movement) and an attacker strategy (target, time).
Table 3. Illustrative example of agent-based outcomes. Cas. denotes the average number of casualties.
Eff. represents the efficiency of the patrol for each movement, which is defined as the percentage of
simulation runs in which the defender successfully arrested the attacker.
Start Node

End Node

Att. Strategy

(Time (s), Target)

(Time (s), Target)

(Target,Time (min))

(0, T0 )
(6, T2 )
(1933, T3 )
(0, T0 )
(0, T0 )
(1582, T3 )

(6, T2 )
(246, T2 )
(1964, T0 )
(31, T3 )
(31, T3 )
(1942, T3 )

( T0 ; 0–5)
( T0 ; 0–5)
( T0 ; 0–5)
( T3 ; 0–5)
( T0 ; 20–25)
( T3 ; 20–25)

Cas.

Eff. (%)

4.27
2.194
0
11.615

0
21.72
100
7.69

From the agent-based model simulation, two scenarios can occur. First, for a particular defender
movement and attack strategy, an interaction between both agents occurs. This interaction may be a
successful attack or a successful arrest. However, it may also happen that for a particular defender
movement and attack strategy, no interaction between both agents occurs. The later happens since the
time of the defender movement does not coincide with the attack interval. For instance, movement
(1933, T3 ) to (1964, T0 ) will not lead to a defender–attacker interaction when the attacker attacks T0
within the first five minutes. Later in the game formulation, these cases will have a zero payoff value
associated. The reasoning behind this choice was to assign a neutral payoff value for both players in
the cases where they did not interact.
6.3. Game-Theoretic Results
Based on the results of Section 6.2, we describe the game-theoretic solution, focusing on rewards
and strategies for each player.
6.3.1. Stackelberg Game Solution
Figure 6 shows a graphical representation of the Stackelberg Equilibrium solution of the game.
The black lines symbolize the defender’s optimal patrolling strategy, i.e., the non-zero probabilities
for each of the actions of the defender. Each line segment has an associated number representing the
probability that the defender will take that action, which is not shown in the figure. For instance,
at time 0, the defender will move to check-in area (T2 ) with a probability of 0.129. Alternatively,
the defender also has an option to stay at the airport entrance (T0 ) for 60 s with a probability of 0.871.
An interesting result of the generated strategy is that T1 is not patrolled at all. This target is
covered by patrolling T2 , which is close to T1 . The area around T1 is in the observation radius of the
defender when she is in T2 . Furthermore, T2 is a more central target, and can, therefore, be reached
faster from the other targets.
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The attacker’s best response strategy is to attack the checkpoint area (T3 ), entering the airport at
a time between ten to 15 min, illustrated in Figure 6 as a red line. Please note that the red line only
covers T3 for visualization simplicity. In reality, the attacker always enters the airport through T0 and
takes some time to arrive at the target.
Table 4 shows the agent-based model results associated with the patrol movements corresponding
to the optimal patrol strategy. Only the patrol movements that lead to a defender–attacker interaction
are shown. It is important to note that there is one movement for which the period does not coincide
with the attacker entering time of 10 to 15 min. This occurs since the attacker takes time to reach his
target destination in a crowded airport. All other movements that are part of the optimal strategy,
but are not present in Table 4, are those where there was no interaction between both players. The payoff
associated with those movements is set to zero.

Target 3

Target 2

Target 0

Target 1

0

200

400

600

800

1000 1200
Time (s)

1400

1600

1800

2000

Figure 6. The optimal patrolling strategy over time and the attacker’s best response. The black lines
symbolize the defender’s optimal (probabilistic) patrolling strategy. Each line segment (each movement)
has an associated number representing the probability that the defender will do that movement. The red
line illustrates the attacker’s best response strategy. Please note that the red line only covers T3 for
the sake of visualization simplicity. In reality, the attacker enters the airport through its entrance (T0 )
and takes some time to arrive at the target destination. Lastly, the remaining colors with lower opacity
represent all possible movements that may have been chosen by the security officer.

When the probability value and expected number of casualties associated with each movement
(as outlined in Table 4) are introduced in Equation (11), the optimal reward values for the defender
and attacker are obtained.
d
U3,2
= −(2.286 × 0.129 + 1.540 × 0.129 + 6.083 × 0.129

+ 1.427 × 0.871 + 2.284 × 0.871 + 5.430 × 0.871
+ 10.789 × 1) = −20.03
a
The attacker reward is the negation of the defender’s reward, i.e., U3,2
= 20.03. Figure 7
shows every attacker’s reward value associated with each attacker’s strategy against the defender
optimal (probabilistic) patrolling strategy. These are computed similarly as the one illustrated in the
equation above.
These results show that attacking the security checkpoint (T3 ) between 5 and 20 min yields the
highest reward for the attacker when compared to attacking other targets within the same time frame.
This may be explained as follows. Passengers arriving in previous time intervals finished their check-in
activity and are going towards the security checkpoint, leading to a higher density of people around
that area. Thus, if the attack is successful, its impact would be large. This is not the case for all the
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other targets since there are passengers who did the check-in online and go straight to the T3 which
results in a lower concentration of passengers around those areas. Moreover, an attack within the first
five minutes has a lower consequence since fewer people are at the airport terminal. The airport gets
more crowded as time gets closer to the flight departure time.
It is also worth noticing that an attack on targets T0 , T1 and T2 , at the latest time interval yields
higher rewards for the attacker when compared to other periods. This is the case, as the number of
people entering the airport considerably increases during that time interval which results in a higher
concentration of people in those areas. This increase results from the fact that as time passes by, it gets
closer to the flight departure time and therefore more people start entering the airport. As mentioned
earlier, the latter increases the chances and consequences of a successful attack.
Table 4. Agent-based results associated with the movements of the defender that are part of the optimal
patrol strategy.
Start Node

End Node

(Time (s), Target)

(Time (s), Target)

(403, T3 )
(763, T3 )
(794, T0 )
(475, T2 )
(721, T0 )
(781, T0 )
(1006, T2 )

(763, T3 )
(794, T0 )
(1000, T0 )
(715, T0 )
(781, T0 )
(1000, T0 )
(1246, T2 )

Prob.

Cas.

Eff. (%)

0.129
0.129
0.129
0.871
0.871
0.871
1

2.286
1.540
6.083
1.427
2.284
5.430
10.789

72.67
78.94
41.35
70.68
72.59
47.70
0

By comparing the results of Figures 6 and 7, the defender’s optimal strategy choice may be justified
as follows. From Figure 7 it can be observed that the attacker reward by attacking T3 while entering
the airport between five to ten minutes yields the second-highest value. Therefore, the defender favors
the patrol of that area during the corresponding period. The latter observation may be the reason the
defender’s optimal strategy does not contain additional movements that patrol the optimal attack
target at the optimal attack time (between 10 to 15 min).

Figure 7. Attacker reward values for each attacking strategy, when the defender performs the optimal
patrol illustrated in Figure 6.
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However, the optimal defender strategy does not coincide with the attacker target for the entire
attack time interval. Specifically, the defender choice after leaving T3 is to go either to T2 or T0 , and,
eventually, staying there until a new patrol starts. These results can be explained by the fact that the
attacker, in his path to T3 , may be detected by the defender if she is either at check-in area 2 (T2 ) or the
airport entrance (T0 ).
These results show that the optimal security patrol gives special emphasis to high-impact areas,
such as the security checkpoint, to reduce the total security risk. This is an improvement over the more
simplistic strategies as shown in the work of Janssen et al. [11].
6.3.2. Deterministic Patrolling Strategy
In the current patrolling practice, the security officer may follow a deterministic patrolling strategy.
In a deterministic patrolling strategy, the probability that an action is taken is constrained to be either
0 or 1, rather than a probabilistic value between 0 and 1. To investigate this scenario, we follow the
same procedure illustrated in Section 6.3.1, but with the aforementioned constraint where the decision
variables are either 0 or 1. Figure 8 illustrates the optimal strategy for both agents. The red line
represents the attacker’s optimal strategy, while the black line denotes the defender’s best response.
It is interesting to observe that for a fixed patrolling strategy, the attacker’s best response remains to be
T3 , but changes the attacking time interval to a time range between five to ten minutes. This result
shows that attacking T3 during the time interval between five and ten minutes yields a high payoff for
the attacker. Therefore, it reinforces the defender’s patrol choice of covering that target during that
time interval in the probabilistic patrol strategy, as discussed in Section 6.3.1.
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Target 1
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400

600

800

1000 1200
Time (s)

1400

1600

1800

2000

Figure 8. The deterministic optimal patrolling strategy over time and the attacker’s best response.
The black lines symbolize the defender’s optimal patrolling strategy. The probability associated with
each movement is 1.

Results, as shown in Figure 8, show that if the defender would follow the fixed patrolling route and
the attacker plays his best response rewards for the defender and the attacker are −21.417 and 21.417
respectively. This shows that by randomizing over different movements at different times, the defender
can generate strategies that are effective against a potential terrorist attack. These conclusions can help
airport managers design security procedures.
6.4. Verification
Finally, the last step of our methodology is to simulate the optimal game-theoretic
defender–attacker strategy pair in the agent-based model and compare the results with the ones
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resulting from the initial agent-based simulations. In this step, we can verify if the obtained solutions
from the game-theoretic model are still valid in the agent-based model.
To do this, we simulated the optimal probabilistic defender patrolling strategy in the agent-based
model. A total of 2000 simulations were executed. We simulate the obtained defender strategy against
all attacker strategies (i.e., all target-time combinations). Figure 9 represents the average number of
casualties per attacked target per time when the defender performs her optimal probabilistic patrol
strategy. Please note that Figure 9 is different from Figure 7 as the prior represents the optimal reward
value. This is a function of the average number of casualties and the probability of executing the
optimal movements.
From Figure 9 it can be noted that the number of casualties when the attacker attacks T0 is lower
than at other targets. The airport entrance is a target where people do not agglomerate as intensively
as they do at the check-in areas (T1 and T2 ) and the checkpoint (T3 ). Furthermore, the highest patrol
efficiencies occur at the optimal attack target (T3 ). This reinforces the choice of the defender’s optimal
strategy since it achieves a higher arrest rate against the optimal attacker target.
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15-20min

30
20

20-25min

15-20min
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2
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4
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Figure 9. The number of casualties per attacking strategy against the optimal defender’s strategy.

To understand the variability in the number of casualties in each simulation run, a boxplot of
the results in Figure 10 was generated. This figure shows that the number of casualties in T0 is lower
than those on the other targets, while T3 yields higher casualty values on average. This is because the
passenger density at the airport entrance is smaller than the check-in areas, which is smaller than the
security checkpoint. T3 also yields the highest number of casualties that occurred in one simulation.
This is a striking result because it indicates that a successful attack leading to a higher number of
human fatalities may happen in reality, even if the security is executing the optimal patrol strategy.
Therefore, it can be concluded that despite the optimal security strategy having higher patrol arrest
rates at T3 , the potential consequences of a successful attack there are highest.
Finally, Table 5 shows the new agent-based model results associated with the patrol movements
corresponding to the optimal probabilistic patrol strategy. Therefore, if the probability value and
casualty value associated with each movement (in Table 5) are introduced in Equation (11), it is possible
to compute the defender and attacker optimal reward values.
d
U3,2
= −(2.667 × 0.129 + 1.976 × 0.129 + 5.602 × 0.129

+ 1.413 × 0.871 + 2.096 × 0.871 + 6.721 × 0.871
+ 9 × 1) = −19.22
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a = 19.22. If we compare
The attacker reward is the opposite of the defender’s reward, i.e., U3,2
these values with the one achieved by the game-theoretic model (−20.030/20.030) we conclude that
the payoffs are close, which verifies the proposed strategy.

Figure 10. Number of casualties per target per time in each simulation run. Please note that the axis
scales are different among targets. Two outliers (40 and 56 casualties), at T3 between 20 and 25 min,
were omitted from the figure to enhance readability.
Table 5. Empirical results for the optimal patrolling strategy in the verification step. All other movement
probabilities are zero.
Start Node

End Node

(Time (s), Target)

(Time (s), Target)

(403, T3 )
(763, T3 )
(794, T0 )
(475, T2 )
(721, T0 )
(781, T0 )
(1006, T2 )

(763, T3 )
(794, T0 )
(1000, T0 )
(715, T0 )
(781, T0 )
(1000, T0 )
(1246, T2 )

Prob.

Cas.

Eff. (%)

0.129
0.129
0.129
0.871
0.871
0.871
1

2.667
1.976
5.602
1.413
2.096
6.721
9

73.56
76.12
43.08
71.26
82.61
53.19
0

7. Conclusions and Future Work
This paper introduced a novel methodology to improve game-theoretic solutions by specifying
payoff values based on the outcomes of an agent-based model. These payoff values are often defined
by relying on expert assessment alone, which can be prone to errors and human biases. Our empirical
game theory methodology improves current game-theoretic formulations by relying on data generated
by a realistic agent-based model.
The methodology was applied to a case study in a regional airport terminal for an improvised
explosive device threat. Results show that by strategically randomizing patrol routes, higher expected
rewards for the security officer are achieved. This leads to a reduced number of expected casualties
in an improvised explosive device attack. Furthermore, it was found that by allowing the defender
to make probabilistic decisions at different time points, a higher reward is obtained when compared
to a fixed optimal patrolling strategy. This supports the results of Zhang et al. [28]. Results further
show that the optimal security patrol gives special emphasis to high-impact areas, such as the security
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checkpoint, to reduce the total security risk. This is an improvement over the more simplistic strategies
as shown in the work of Janssen et al. [11].
This work can be extended in several directions. First, different strategies with less restrictive
constraints may be investigated to understand if better rewards can be achieved. For instance,
time spent at each target may be varied more to understand the influence of that parameter on
the current model. Secondly, research on human behavior can be included to incorporate more
complex behavior in the agent-based model. For instance, cultural backgrounds and motivations
of attackers may be modeled to obtain more accurate results. In addition, the game model can also
be improved to incorporate different human rationality models [29]. Lastly, uncertainty related to
potential patrol disruptions may also be further investigated to improve the current game-theoretic
model [32]. Finally, the proposed methodology can be applied to different infrastructures such as
hospitals, schools, and banks.
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